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Abstract
Human locomotion is a complex and fascinating process. It involves a
tremendous amount of coordination, maintaining balance while achieving
a forward motion.
The ability to perform a healthy walking gait can be altered in numerous
cases due to gait disorder related pathologies. These pathologies could
lead to a partial or complete mobility loss, which affects the patients’
quality of life. Wearable exoskeletons and active prosthetics have been
considered as a key component to remedy this mobility loss and are used
in different ways depending on the level of the walking ability impair-
ment. From the literature review on rehabilitation devices provided in this
manuscript, it appears that the control of these devices knows numerous
challenges that are yet to be addressed by the research community. As
opposed to control strategies that use fixed trajectories as motion refer-
ence, real-time adaptive reference generation control is likely to provide
the wearer with more intent control over the powered device.
We propose a novel gait pattern generator for the control of such devices,
taking advantage of the inter-joint coordination in the human gait. Our
proposed method puts the user in the control loop as it maps the mo-
tion of healthy limbs to that of the affected one. To design such control
strategy, it is critical to understand the dynamics behind bipedal walking,
especially dynamic walking. In this work, we begin by studying bipedal
walking using the simple compass gait model. We examine the well-known
Virtual Constraints method of controlling bipedal robots in the image of
the compass gait, which is a method used to synchronize different joints
with each other. In addition, we provide both the mechanical and control
design of an affordable research platform for bipedal dynamic walking.
Inspired by the findings, we extend the concept of virtual constraints
to human locomotion, where we investigate the accuracy of predicting
one lower limb joints angular position and velocity from the motion of
the other limbs using maps between input/output signals. Along with a
bilateral use of canes, the contra-lateral leg and the contra-lateral cane as
a source of information were among the cases investigated.
Data from nine healthy subjects performing specific locomotion tasks were
collected and are made available to the research community in the form of
an on-line repository. To identify the mapping between upper and lower
limbs in human locomotion, Least Squares, the Koopman Operator, and
Recurrent Neural Networks are among the methods explored. A success-
ful prediction of the hip, knee, and ankle joints was achieved in different
scenarios. It was also found that the motion of the cane alone has suffi-
cient information to help predict good trajectories for the lower limb in
stairs ascent. Better estimates were obtained using additional information
from the arm joints. We also explored the prediction of knee and ankle
trajectories from the motion of the hip joints.
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“A journey of a thousand miles begins with a
single step.”
Lao Tzu
1
Introduction, context, and motivation
By definition, bipedalism is a terrestrial form of locomotion where the animal (or
machine) moves using its rear limbs or legs. This locomotion mode has different
functions (Table 1.1) and is not unique to humans as it can be observed in many other
animals: macropods (e.g. Kangaroos, hopping mice), homininan apes (e.g. humans,
gibbons), as well as other extinct groups (e.g. dinosaurs). Because of its complexity,
there are many theories trying to describe and explain the origin of bipedalism [83,152,
179], all of which have their weaknesses, hence failing to bring the research community
into an agreement. This does not prevent the study of the dynamics and biomechanics
of bipedalism, especially in humans.
Human locomotion is a complex and fascinating process. It involves a tremen-
dous amount of coordination in joint rotations, maintaining balance while achieving
forward motion. Professional athletes can achieve extraordinary performance. For
example, the world record of the 100 m run, held by Usain Bolt, is set at 9.58 s
(average speed: 37.58 km/h and top speed: 44.72 km/h).
Within the different modes of locomotion that a human being can perform, bipedal
walking has caught the attention and interest of researchers for decades [20, 21, 24,
28, 94, 95, 124, 156, 205, 206]. Human walking, being the result of millions of years of
evolution, achieves an impressive balance between minimizing energy expenditure and
maximizing versatility. Walking at a comfortable speed on level ground involves very
little muscular activity. This makes bipedal locomotion more energy efficient than
other terrestrial locomotion modes such as knuckle-walking or quadrupedalism [99].
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Although deeply studied for decades, there is still much to learn about biomechanics,
synergies, and other features of bipedalism.
Table 1.1: The functions of bipedalism.
Function Description Example
Walking/running The animal moves on its rear
limbs or legs by swinging one leg
at a time
Ostriches, basilisk
lizards
Hopping The animal moves on its rear
limbs or legs by hopping on both
legs at a time
Kangaroos, hoping
mice
Reaching The animal stands on its rear
limbs or legs to reach for food
Generuks, goats
Surveillance The animal stands on its rear
limbs or legs to watch for danger
Meerkats, Ground
squirrels
Intimidation The animal stands on its rear
limbs or legs to fight or threaten
a competitor or predator
Bears, great apes
Stage race: Marathon des sables 2017 - Sahara Desert, Morocco
Total distance: ≈ 251km. Longest single stage without stop: 91km.
Temperature (max/average/min) : 49◦C/30◦C/14◦C.
Winner: Rachid El Rachid. Time: 19h15mn23s.
The study of bipedal walking benefits a variety of fields (e.g. medical rehabili-
tation, robotics, animation). For example, with the growing interest around Virtual
Reality (VR) and Augmented Reality (AR) in movie and video game development,
the walking motion of avatars are usually generated from motion capture data of
stunts performing in a controlled environment. The recorded data are processed and
fitted to anthropomorphic digital characters (Figure 1.1). This is extensively used in
sport video games.
In this study, we will focus on bipedal walking for humanoid robots and human
gait rehabilitation. In what follows, we will expose the context of this study.
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Figure 1.1: Motion capture system used to generate the motion of a 3D digital char-
acter. (Source: by Charli Huve1)
Figure 1.2: Illustration of the footprint of legged and wheeled robots in uneven terrain.
1.1 Bipedal robots
In mobile robotics, legged robots have been considered as an alternative to wheeled
robots when it comes to rough terrain. Indeed, and because of their footprint, the
legged robots can maneuver in uneven or soft terrain with ease compared to wheeled
robot, as the latter have a “continuous” contact with ground. With a careful foot
placement, a legged robot can avoid an obstacle by stepping over it while a wheeled
robots needs to “roll” over it. Figure 1.2 shows an illustration of the footprint of a
legged and wheeled robots.
In recent years, we have seen the development of a number of highly impressive
humanoid robots (e.g. [16, 92, 101, 149]) as well as quadrupeds (e.g. [150, 157, 158])
and hexapods (e.g. [211]). Both the potential utility and the remaining challenges
of such sophisticated legged robots were highlighted in the recent DARPA robotics
challenge, in which bipedal and quadrupedal robots competed to achieve specific tasks
(e.g. travel across rubble, open a door and enter a building, and climb a ladder) in a
1https://www.fragstorm.com/la-quete-de-lanimation-realiste-de-la-rotoscopie-a-la-performance-
capture/
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scenario environment modelled after a disaster zone [106].
We can classify the walking motion of bipedal walkers in two main categories:
1. Static walking (related to Zero Moment Point based control (ZMP))
2. Dynamic walking
Static walking consists of maintaining the projected centre of gravity (CoG) of
the robot inside the polygon of contact between the robot and the ground (Figure
1.3). This principal guarantees the stability of the walker, as it is statically stable (i.e.
the robot stays at a stable position at any time). However, to avoid violating this
constraint, the robot must be fully actuated and usually requires strong actuation at
the ankle joint and large feet. The resulting motion is often very slow and unnatural.
This makes the efficiency of such walker fall far behind that of a healthy human.
Figure 1.3: Illustration of the
static walking.
In the other hand, some bipedal walkers per-
forming dynamic walking show an energy effi-
ciency comparable to that of a human been [53].
In this particular case, the walker is usually
under-actuated, which means some of its degrees
of freedom are un-actuated. Roughly speaking,
the walking motion is a succession of falls in-
terrupted by foot impacts. The robot is falling
during the swing phase and catching itself when
the swing leg hits the ground. This characteris-
tic makes this motion human like and partially
explains the efficiency as most of the motion is
performed thanks to the gravity. More details
will be provided in the next chapter.
1.2 Gait rehabilitation and recovery
Humans can temporarily or permanently suffer from a mobility loss due to several
factors that can be either musculoskeletal (e.g. amputation, muscle atrophy) or neuro-
muscular (e.g. hemiplegia, cerebral palsy). Rehabilitation devices have been designed
for lower limb rehabilitation to remedy this mobility loss. Different technologies can
be offered to the patients based on their specific needs [139]. The majority of de-
vices used in lower limb rehabilitation are passive (leg prosthetics) because of the
affordability and the ease of use of such devices. They can either serve the purpose
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of “everyday” use or be adapted for sport activities (e.g. carbon fibre blades for
running).
Recently, the use of active devices is rapidly spreading among the affected popula-
tion and the rehabilitation facilities. In some cases, usually after a stroke, the patient
needs to re-learn the walking motion and how to control the lower limbs. Platforms
achieving cyclic motion are the most used rehabilitation devices under clinical super-
vision. The patient’s foot is attached to a moving module and is required to follow the
motion dictated by the machine repeatedly – over several sessions – until improvement
is observed and the patient is able to move without assistance. The trajectories are
usually designed by the therapist and require a heavy tuning procedure. In addition,
such device is not suitable for home training.
Wearable devices have been considered to allow outdoor rehabilitation and home
training. In what follows, we will review the current state of the art of wearable
lower limbs rehabilitation, this includes prosthetics and exoskeletons. Mechanical
design, sensing, and actuation are among the features we will discuss. We will briefly
introduce active prosthetics and put the focus on lower limb exoskeletons.
1.2.1 Active prosthetics
Lower limb active prosthetics are usually proposed to patients with lower limb am-
putation. As opposed to passive devices, powered prosthetics can offer a smoother
motion and provide additional stability in some specific situations such as stairs as-
cent [58].
Depending on the level of amputation, patients can require either Ankle-Foot
prosthesis (AFP), or Knee-Ankle-foot device (KAFP). There is extensive research
focusing on the ankle joint [37,38,72,147,159,175]. However, many challenges remain
with respect to the mechanical design, the control, and the actuation and sensing of
such devices [82]. Furthermore, KAFPs are more complicated to control than AFPs
because of the additional knee joint. Devices in this category do not require a huge
amount of energy, most of the motion is achieved by the user’s hip. The ankle joint
is usually semi-active (passive during the stance phase) and the knee joint is flexed
to provide clearance of the foot during swing [175].
Although, this is an interesting area of research, we chose to focus on the lower
limb exoskeletons for rehabilitation.
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Figure 1.4: Illustration of the exoskeletons filed of application.
1.2.2 Exoskeletons: a review
1.2.2.1 History
There are many field of application for exoskeletons (e.g. Figure 1.4). In the late
1960s, research in exoskeletons began with a primary focus on abilities augmenta-
tion for able bodied humans for military purposes. The development focused on the
ability to carry heavy loads over uneven terrain. This ability would dramatically
reduce the burden and impairment to the performance of soldier. According to the
Defence Science and Technology Organisation (DSTO) report on the soldier’s equip-
ment burden [43], the total gear weight of the fully equipped Australian Infantryman
often exceeds 50kg. A report following a study conducted in 2006 [127] came to the
conclusion that these devices are complicated, require heavy maintenance, and have
very poor battery autonomy. As of today, we have not seen a massive deployment of
powered exoskeletons in the army, however, trials have been carried around by dif-
ferent army corps even in conflict zones. Among the numerous key players involved
in military exoskeletons programs, we can cite HULC, TALOS, Superflex Exo Suit,
etc. [19]. In addition, passive exoskeletons have been investigated for power harvest-
ing. As an example, the Powerwalk [12] has been developed to help soldiers recharge
li-po batteries as more and more electronic devices (e.g. night vision systems, GPS
and radios devices, etc.) become part of their uniforms to provide them with real-time
data of their surroundings.
Researchers saw an opportunity to use this technology to develop devices that
could be of a great benefit to the medical field. Exoskeletons for rehabilitation were
born. The development of rehabilitation devices targets physically challenged per-
sons and patients who have lost or have a weak motor abilities. The fact that four
reviews [48, 125, 175, 203] have been published during the last four years reflects the
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growing interest of the research community and the high cadence of new advances
and developments in the area of lower limb exoskeletons for rehabilitation.
One can define two types of rehabilitation exoskeletons according to their ability
to take into account the wearers motion intention. On one hand, we have exoskeletons
that reproduce (playback) trajectories designed by the therapist. The patient is asked
to reproduce a set of trajectories to strengthen the muscles or correct and adjust the
motion. We can cite in this respect Lokomat [10,98], which is a widely used device in
upper and lower limb rehabilitation in specialized environment (rehabilitation centre
or hospital). On the other hand, there are portable devices2 that take into account the
user’s intention of motion to execute a task. This can be accomplished by two means:
(1) by generating the desired trajectory, either automatically selecting a motion for the
impaired limb, or by performing a voluntary selected task via a push button. (2) by
providing gravity compensation often to the swing leg to assist with the motion [115].
1.2.2.2 Portable devices
Recently, many wearable exoskeletons (e.g. Figure 1.5) have been considered as a
key component to enhance the quality of life of patients (e.g. elderly people and
stroke survivors) and remedy the mobility loss [204]. Some of which are commercially
available [70]. These devices can fill two main functions: (1) assistance (also referred
to as “Help as Needed” mode), where the remaining motion of the user is amplified
(e.g. [128]). (2) walking recovery, where the device generates and performs the entire
motion. Whether to use to first or the second mode depends on the degree of disability
of the patient. In either case, the wearer performance is augmented and a healthier
walking motion is recovered, which in turn enhances the quality of life (QoL) of the pa-
tient. Often, devices accomplishing the second function use fixed-trajectories control
strategies which are lacking adaptability and suffer from synchronization mismatch
between the device and the wearer’s natural movements. The user endures the mo-
tion imposed by the device and the resulting motion is often jittery and “unnatural”
(robot like motion) [154].
The exoskeleton market is expected to skyrocket from USD 299.8 Millions (≈
AUD 401 Millions) in 2017 to more than USD 2810.5 Millions (≈ AUD 3763
Millions) by 2023. [119]
2Devices that are not dependent on nor attached to an external device such as a treadmill or a
docking station.
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Figure 1.5: Some of the most distinctive exoskeletons for rehabilitation. From left to
right: Mina v2 [11], Indego [9], Rex [14], Rewalk [13], HAL [8], ekso [6].
In the first case, where the exoskeleton is used to amplify those movements, we
can cite Indego [9] which is designed for rehabilitation (Bleex [102,212] and Hulc are
designed for human force augmentation - industrial and military applications). In
the second case, usually for patients suffering from paralysis, the exoskeleton (such
as Mindwalker [186], eLeg [168], and HAL [155]) is given full control of the affected
limb. Therefore, the device is used to give back the walking ability to the wearer.
Like the Indigo, the HAL exoskeleton is available for patients for “home rehabilitation
training. Different versions are available thanks to the flexibility of its use and its
design. Indeed, a patient suffering from impairment may need a monoleg exoskeleton
while a paraplegic needs a full lower limb exoskeleton. The exoskeleton can be used
for human force augmentation as well as restoration of the locomotion abilities. This
exoskeleton is the first to obtain the CE marking (CE 0197) and ISO (ISO 13485) as
a robotic medical device.
In table 1.2, we present some of the prominent exoskeletons developed around the
world along with some of their mechanical and control characteristics.
Powered devices can be classified in different ways. One of which is based on the
power inputs of the device.
1. Passive systems: pure passive mechanics that helps store kinetic energy and
restores it when needed, or helps reduce the physical strain by transferring
the weight of a load to the ground. (e.g. XPED, Fortis, DSTO Operations
Exoskeleton)
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Table 1.2: List of exoskeletons for rehabilitation and their main characteristics.
Exos Technical charac-
teristics
Comments
Andros 6 DoF, 1 actuated The peak torque at the gearbox output is 22.88Nm and the rated
power is 179W
DC motors Active assisted/resisted strategy mode for reinforcement of the gait
pattern
Impedance control for the actuation system
HAL 10 DoF, 4 actuated Detecting intent with the use of EMG signals
Weight: 15kg Cane and body joint synergies semi autonomous control
DC motors Floor reaction force sensors to detect the gait phase shifting intended
by the patient
Available for private use
eLEGS 10 DoF, 4 actuated Use of a gesture-based human-machine interface, albeit with help of
two crutches
Weight: 20kg The exoskeleton monitors the users arm motion to initiate a step
DC motors Push buttons are used to switch between modes
Available for private use
Rewalk 6 DoF, 4 actuated A keypad and back movements to indicate the motion intent
Weight: 23kg Balance is provided with forearm crutches
DC motors The user needs to shift the weight on the stance leg to allow the swing
Available for private use
Mindwalker 8 DoF, 6 actuated The control structure consists of 3 parts:
Weight: 28kg (1) FSM defines motion scenarios (9 states)
Series elastic (2) HMI triggers transitions (push button and CoM position detection)
(3) joint-impedance controllers supervised by the FSM to track the
desired joint references with variable impedances
LOPES 8 DoF, 8 actuated Bowden-cable driven series elastic actuators
Weight: 23kg Desired motion from pre-recorded reference trajectories from healthy
subjects, and the motion of the healthy limb
Series elastic The device is attached to a rigid frame and requires a treadmill
Indego 4 DoF, 4 actuated Powered assistance in the sagittal plane
Weight: 12kg Equipped with normally locked brakes at the knee joint for safety
DC motors Available for private use
Mina X1 10 DoF, 4 actuated X1 is used with EEG and EMG (Neurorobotic interface)
Weight: 25kg Balance is provided with forearm crutches
Series elastic Playback walking method (3 different walks were recorded)
and DC motors Pre-recorded trajectories from an able bodied subject are used in the
paraplegic assistance mode
WPAL 6 DoF, 6 actuated Motion planning algorithm based on the mechanical design of the
WPAL
Weight: 15kg A walker is used for stability
DC servos The joint angle trajectories are represented on the basis of a minimum
jerk trajectory
Rex 10 DoF, 10 actuated Self-balancing (no walking aids required)
Weight: 38kg ZMP based control and actions are selected by the user via a keypad
DC motors maximum speed 0.056m/s
ekso 8 DoF, 4 actuated Uses pre-recorded trajectories
Weight: 23kg The different modes are triggered using smart crutches and push but-
tons
DC motors Maximum speed 0.56m/s
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2. Hybrid systems: the motion is driven by the user and the exoskeleton simulta-
neously, i.e. the motion of the user is either amplified (walking assistance) or
the device needs some support from the user shifting the weight off the swing
leg via the use of crutches. (e.g. Rewalk, HAL, Ekso, Indego)
3. Fully powered systems: the device substitutes the walking abilities where the
entire motion is generated by the exoskeleton only. (e.g. REX)
The work presented in this thesis focuses on the second category as our method
requires the use of canes as walking aids. More importantly, the motion of the lower
limb powered device is driven by the motion of the arm and the cane. This classifi-
cation does not take into account the control strategy used (we will come back to it
later). At a glance, the later type of devices is using the Zero Moment Point (ZMP)
principle in the control design to achieve static walking. The main reason is that
the device needs to be stable at all times without additional support from the user.
These devices are usually heavy and very slow in performing walking motions. The
fully powered exoskeletons are designed to address the cases of paraplegic/tetraplegic
patients or when there is no other motion input from the user. In this particular case,
the exoskeleton is design to provide full assistance to the user. The patient uses an
interface made of push buttons and a joystick to control the device. The trajectories
are pre-recorded and are played back to achieve the desired motions, which resumes
to a limited number of states (e.g. stand, sit, move forward, turn, stairs, and stop).
This mode of locomotion is very inefficient but it is by far the most stable and safe
method for the user.
Although widely used in humanoid robots and considering application for para-
plegic patients, no exoskeleton is able to perform a dynamic walking motion. Perhaps,
this is due to safety issues as such device must guarantee maximum safety and stabil-
ity to the user. This stability can be achieved by adopting a static walking motion.
This method guarantees stability of the walker at all time by keeping the centre of
gravity inside the polygon of contact between the walker and the ground. It is worth
noting that dynamic walkers are usually designed with a minimal mass in the legs.
This leads us to consider the actuation as another limiting factor for the lack of use
of dynamic walking in exoskeletons as relatively high torque is required to lift a leg
or the whole body (e.g. sit to stand or stairs ascent tasks). The power of a motor
is proportional to its weight. This will inevitably affect the “wearability” of the ex-
oskeleton as one of the main design goals is to make these devices the lightest and
compact possible. We need to move from static stability to dynamic stability if we
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want to improve the energy management of powered devices. Similarly to dynamic
walking, letting the gravity perform most of the motion will significantly improve the
autonomy of these devices, allowing a wider range of locomotion for the user, which
in turn will enhance the quality of life, allowing the wearer to reach longer distances
and complete many more activities out of a single charge.
Generally speaking, the control of a lower limb exoskeleton for rehabilitation and
walking recovery involves three main layers:
1. Perception layer: The task of this layer is to collect data from the user. This
can be achieved from the use of a simple push button to more sophisticated
motion estimation of the user’s limbs.
2. Decision-making layer: This is the critical layer to the good operation of the
exoskeleton which function is to generate the desired trajectories for the powered
joints based on information delivered by the first layer.
3. Executive layer: The objective here is to supply control inputs to the actuation
of the powered device which can result in a minimal tracking error of the target
trajectories computed in the previous layer.
Each layer has seen numerous improvements but there are still many challenges that
the research community endeavour to solve. We will further discuss the control in
chapter 3.
1.2.2.3 Mechanical design and actuation
There exist different types of actuation that use different technologies such as pneu-
matic/hydraulic actuators and electric motors. Being mainly interested in the control
of these devices, we will restrain ourselves from delving in the description of the me-
chanical design. Instead, we provide a list of devices that show promising results or
that are already available in the exoskeleton market (Table 1.2). As a side note, it
appears from the discussion presented in [90], that the series elastic actuators are
a promising class of actuators for exoskeletons in terms of power/size/compliance
criteria.
In terms of mechanical structure, rigid frames are predominant if the field of wear-
able lower limb exoskeletons. However, there is a growing interest in soft exoskeleton
as they have a better compliance with the subject’s body compared to devices with
rigid structure. The light weight is another reason behind the popularity soft struc-
tures. The actuation in such devices, usually located at the level of the waist, drives
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cables that are connected in strategic points of the suit to allow the flexion and
extension of the lower limb joints. Recently, we saw the development of “soft exo-
suits” [145] intended for locomotion assistance and human augmentation. We may
see in the near future other devices targeting the locomotion substitution (recovery
of the full locomotor capacity).
1.3 Challenges
Although we have seen sophisticated devices developed in recent years, with extraor-
dinary engineering features, there are numerous challenges [48] that are still impeding
these devices from mass production and deployment. Associated to the good function-
ing of the device or to the wellbeing of the user, we can cite the following challenges
that are yet to be addressed by the research community:
• Human gait modelling
• Motion intent detection
• Motion planning and prediction
• Joint compliance and general comfort
• Device autonomy and power management
• Actuation and torque requirements
• Aesthetic and congestion of the device
• User experience: easy of use, compliance, practicality ...
• ...
Furthermore, human locomotion is challenging to model. In [200], the authors
succeeded in simulating human motion in terms of joint trajectories using a predictive
dynamics approach. This approach was formulated as an optimization problem and
assumed the knowledge of the equation of motion of the studied system through the
use of a digital human model (ADAMS/SANTOS multi body system). This was
achieved for walking in a straight line with and without a load in the form of a
backpack. This method requires the determination of a set of constraints defined for
each dynamic task such as the initial and final states for a single step. In addition,
the way this method is defined/described makes it unsuitable for “on-line” prediction
of joint trajectories.
There are many other challenges that are specific to the electrical and mecha-
tronics parts of the exoskeletons for rehabilitation (e.g. actuation, computation, and
mechanical structure). For time and space constraints, the author decided to focus on
the control or as introduced earlier, the “Perception” and “Decision-making” layers.
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1.4 Motion intent detection and gait pattern gen-
eration: Related work
The development of real-time techniques to capture the wearer’s motion intent and
predict joint trajectories and locomotion modes gains more and more interest within
the human biomechanics research community. There are many methods that were
investigated to capture the motion intention of a powered device wearer. Kinetic,
kinematic, and EMG and EEG data are processed, analysed and used in different
levels in the aim of predicting and generating trajectories for the active joints of the
assistive device.
1.4.1 Intent detection as triggering signal
Some methods rely on EEG and EMG signals to detect the user’s motion intent
[56, 80, 186]. The electrical activity of the muscles or the brain is processed and
used to trigger the different states in a FSM. Each state corresponds to a locomotor
task represented by a fixed trajectory. These fixed trajectories can describe either a
whole gait phase (i.e. toe off to heel strike) or a section of the gait phase “piecewise
reference” (e.g. toe off to mid swing). For instance, in [88], the authors use EMG
data from the lower limbs to predict the locomotion mode. More recently, in [160],
a high rate of successful classification of different locomotion modes was achieved in
a similar fashion. Along with EMG signals, the authors approach uses kinetic and
kinematic data from the user’s limbs to identify the motion intent of the wearer.
Dynamic Bayesian network based algorithm was used to classify the different phases
of the gait cycle (heel contact, toe off, mid-stance, and mid-swing). At a higher
level, other algorithm modules were used to predict six locomotion modes (stand,
level ground walking, ramp ascent/descent, stairs ascent/descent). Other studies
were conducted in the same optic of classifying the user’s motion intent [66, 113,
166]. Although these methods showcase successful prediction rates (e.g. between
80% and 95% successful locomotion mode classification rate [113]), it is critical to
achieve a perfect prediction rate of the locomotion mode to avoid performing the
wrong task which may result in a harmful situation for the user (e.g. not predicting
stairs ascent/descent). Furthermore, these methods have an inherent flaw in the way
they are formulated for them to be employed in the non fixed-trajectory control of
lower limb exoskeleton. The presence of a finite number of modes suggests discrete
switches and discontinuities, which can deteriorate the smoothness of the motion and
be problematic for the comfort of the user, as it is related to the compliance between
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the user and the exoskeleton, as well as the smooth control of the powered device. For
the good operation of lower limb rehabilitation devices, there is a need for designing
methods that make abstraction of this discrete segmentation of human locomotion.
Unfortunately, technology employed in these devices is still expensive, require a
heavy tuning procedure, and suffer from non-repeatability (a calibration is needed
before each trial) and non-reliability due to errors in sensing the muscle and brain ac-
tivity [48,175]. This may be one of the reasons preventing devices using this method
from going into mass production and deployment. Control strategies using kinetic
and kinematic data from the wearer would be more suitable for an affordable and
easy to produce wearable exoskeleton for rehabilitation. Furthermore, as opposed to
control strategies based on FSM and fixed-trajectory reference (currently deployed in
hardware), methods translating the data from the subject in real time will likely pro-
vide more intent control to the user over the device, as the leg will move in accordance
to inputs from other limbs.
1.4.2 Direct translation into reference trajectories
Besides the fixed trajectory gait pattern generators, methods for the real-time genera-
tion of reference trajectories attract more and more interest. In cases of hemiplegia or
hemiparesis where only half of the body is affected by a motor reduction, mimicking
the motion of the healthy leg for the affected one was also investigated. Studies [103]
and [177] have shown promising results for walking. In [177], the authors used data
from the sound lower limb to predict trajectories for the disabled one. Through the
approach called Complementary Limb Motion Estimation (CLME), they were able
to predict trajectories using neural network, more specifically, using the Long Short
Term Memory (LSTM) structure. CLME was also implemented on the LOPES, a
LOwer extremity Powered ExoSkeleton. Results found that CLME induces lower
robot-human motion interference compared to a fixed-trajectory method. Further-
more, the authors found a decrease in the assistance when it is not needed. However,
this method required the mean and standard deviation of the joint coordinates. As
a result, it is unlikely for the maps to predict good trajectories if used with a “new”
subject (i.e. not included in the training data). Nevertheless, these variables could be
thought of as tuning parameters that a therapist could adjust to suit a given patient.
Other methods were investigated in designing control strategies for lower limb
rehab devices [175], one of which is the “virtual holonomic constraint” (VHC), which
is one of the major methods used to control dynamic walking robots [81,104,116,118,
163, 190, 191]. This concept can be referred to as a “static mapping” y(k) = f(u(k))
14
where for a given input, there exist one and unique output satisfying the virtual
constraint. More details about this concept are presented in chapter 2. At a glance,
this control strategy depends on the state rather than time. It uses a monotonic
variable derived from the state (also called phase variable) to describe and hence
rebuild the full state vector. It is a way of synchronizing joints together. Usually, a
polynomial is used to define a joint ϕi in function of a monotonic phase variable θ:
ϕi(k) = polyi(θ(k))
Widely used in the dynamic walking robots field of research [81, 104, 116, 118, 163,
190, 191], this method has been investigated and successfully implemented for lower
limb rehabilitation using an active prosthesis. In [72], the authors used the center of
pressure as a phase variable to control a Knee-ankle active prosthesis.
Although this method was shown to be successful for the control of a single joint,
when it comes to addressing the whole lower limb (hip, knee, and ankle) and given the
complexity of the human locomotion, a single phase variable is not currently known
to be sufficient to handle a large variety of motions such as climbing stairs, crossing
small obstacles, and walking on a rough terrain at the same time.
In [31], a Wavelet Neural Network was successfully used to compute and predict
lower limb joint moments in tasks including over ground walking at a constant speed
with walking poles. This prediction was limited to one gait cycle of a periodic motion.
In a similar fashion, EMG signals were used in [50] and [114] to predict the leg’s
joint trajectories in walking in a straight line at different speeds and joint torques
in isokinetic movements respectively. The method used was based on deep belief
networks (DBN) to extract the optimal surface EMG features and a back propagation
neural network to map them to the joint trajectories resulting in the identification of
relationships between the surface EMG signals and the joint coordinates, and torques.
In an attempt to predict healthy trajectories for the knee joint, in [111] and [112],
the authors used recurrent neural networks to learn correlations of gait features – in
what they called Deep Rehabilitation Gait Learning (DRGL) – involving information
from both legs. In both cases, a successful prediction was achieved for a periodic
motion. This method knows some limitations. First, the contribution of the affected
limb is likely to induce a wrong “healthy” trajectory for the knee joint in a patient
population. Furthermore, human locomotion is more than just periodic motions and
the results may degrade during transitions or in case of variable walking speed.
Recently, with the aim of reducing the burden of fine tuning exoskeletons for
rehabilitation and designing to suit each wearer, effort has been put in generalizing
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the walking gait pattern generation across patients. In [199], the main objective is
to design a gait pattern generator able to supply individualized trajectories based on
the body parameters (anthropometric data) and the desired walking speed of a given
patient.
Besides these studies, there are many more investigating the motion prediction.
Unfortunately, to the author’s knowledge, no attempt in predicting real-time joint
trajectories was achieved for the lower limb in a non-periodic complex locomotion
task, especially during the transition tasks (e.g. from over ground walking to stairs
ascent).
1.5 Motivation, hypothesis and research objectives
After viewing hours of videos showing exoskeletons for lower limb rehabilitation in
action (e.g. Cybathlon), it appears that the motion of these devices is often jittery
and very slow. The fact that the user needs to switch between modes increases the
time required to accomplish a task that may seem “basic” for a healthy human being.
The author saw the need of designing a new gait pattern generator – hence, a new
control strategy – that bypasses the “switching” and takes advantage of the existing
coordination between limbs.
Can we detect the patient’s motion intent in real-time and in a continuous fashion?
This challenge is inherent to the good operation of rehabilitative devices. It consists
of predicting the user’s motion accurately and generating the right trajectories for
the powered device without reliance upon switching modes. This could be achieved
by translating directly input data from the user into a motion for the impaired limb.
Inspired by work targeting the control of active prosthetics [146, 181] and the
virtual constraint method, a control strategy that maps – in real-time – inputs from
the user’s posture into lower limb joint trajectories is likely to improve the operational
speed of rehabilitation devices.
When considering the human body and its numerous degrees of freedom as a
whole, a scalar phase variable is likely to be insufficient to describe all of the DoFs
of the human lower limb in the different locomotion tasks that constitute the human
gait. By analogy to the VHC concept,
What is the right phase variable or entity to characterize the whole lower limb
motion in terms of joint coordinates?
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Figure 1.6: The illustration shows different cases of patients with lower limb mo-
tor ability loss. (a) healthy body with no impairment, (b) one side of the body is
affected (Hemiplegia, hemiparesis), (c) lower limbs affected (paraplegia), (d) above
knee amputee (hip disarticulation, transfemoral amputation).
To dynamically control a lower limb exoskeleton, we need a method that is “on-
line” computation–feasible able to predict and generate the desired trajectories for
the affected limbs.
A method that depends on the state or the posture of the user rather than time is
likely to be more suitable to control affordable active lower limbs exoskeletons for
rehabilitation and walk recovery.
Human locomotion can be altered in many occasions and there are numerous
pathologies that can weaken or disable the locomotion abilities:
• Weak lower limb muscle strength (elderly, muscular dystrophy)
• Cerebral palsy, peripheral neuropathy
• Hemiplegia, Hemiparesis, or Paraplegia
• Lower limb amputation (diabetic foot complication, war-related amputations)
• ...
If we consider the cases illustrated in Figure 1.6, the patient has at least one arm
that is not affected by a motor ability loss. Thanks to the inter-joint coordination
between upper and lower limbs in human locomotion (e.g. the coupling between
an arm and its contra-lateral leg), it is likely possible to reconstruct the “normal”
motion of the impaired leg(s) from the “healthy” motion of the non-affected limbs.
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In addition, the motion of an arm during human walking is out of phase with the
ipsi-lateral leg but in phase with the contra-lateral leg, which suggests that a leg is
more correlated with its contra-lateral arm.
Using the motion of other healthy limbs to control a lower limb exoskeleton for
rehabilitation in real-time will put the wearer “in the control loop” providing more
intent control over the device.
It is likely that in the case of small discrepancies between the “natural” leg motion
and that generated by the exoskeleton, the user will learn how to move the “input
limbs” to control the motion of the active device and compensate for the error. For
example, the user will be able to modify the leg motion mid-swing, which is not
allowed in the current FSM based control, as most of these CSs consider the entire
swing as a single task.
In this study, the author investigates the feasibility of predicting a leg’s motion
from that of the contra-lateral arm. Similar to a joystick, the arm – along with a
walking cane – can be considered as a remote controller for the exoskeleton; the motion
of the arm will be captured and translated into a lower limb motion. Moreover, the
canes can be considered as “antennas” for the exoskeleton as they can provide a direct
sensing of the ground. This sensing is critical in tasks like stairs ascent and descent.
Methods used in modelling and system identification will investigated in the aim of
identifying maps between a leg joint coordinates and other joints from healthy limbs.
A comprehensive understanding of the dynamics and control of bipedal walking
will not only benefit the science of biomechanics, but will also be extremely valuable
for the design of active prosthetics (e.g. [61]), assistive devices such as exoskeletons
(e.g. [212]), and efficient and versatile humanoid robots that can traverse varied ter-
rain. The investigations could also inspire work related to remote-controlled robots
(referred to as tele-operability) and animation.
1.6 Thesis overview and contribution
In our effort to address some of the challenges pertaining the good operation of lower
limb exoskeletons for rehabilitation, this thesis brings significant contribution to the
decision-making layer in the control of these devices.
The ultimate goal of this study is to design a novel lower limb gait pattern gen-
erator based on the motion of healthy limbs to generate the desired trajectories for
the impaired ones. This generator does not require switching between states and is
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able to hold during transitions between tasks in the human locomotion. Furthermore,
this method is expected to generate the right trajectories for the lower limb joints in
real-time without the need of pre-recorded trajectories.
We begin by examining the dynamic walking locomotion using the simple compass
gait model in chapter 2. We examine the use of the well known virtual constraint,
a method based on a simple coordination between two joints (herein the ankle and
hip angles), in the performance of a dynamic walking motion. In this process, we
built an affordable platform for dynamic walking research, which media files were
made available for the research community in the form of an on-line repository. The
files include CAD drawings of the different parts used in the construction of the
platform, a Simulink user interface to control the walker, realistic values of the pa-
rameters describing the compass gait model, and a database representing walking
experiments. The experimental data can be used to benchmark system identification
methods against ours.
Inspired by the findings, we propose a novel gait pattern generator for the control
of lower limb exoskeletons for lower limb rehabilitation and walking recovery in chap-
ter 3. The method makes abstraction of the switching modes, detecting the motion
intent of the user and generating the desired trajectories in real-time. We conduct
motion capture (MOCAP) experiments where nine healthy subjects were asked to
achieve specific gait patterns. The locomotion tasks considered in this study are per-
formed with a bilateral use of walking canes. We then proceed to perform a human
gait analysis, where we investigate the coordination between a lower limb and other
limbs in human gait. In particular, we examine the feasibility of predicting {hip,
knee, ankle} joints from the motion of the contra-lateral {shoulder, elbow, wrist,
cane}, and {knee, ankle} from hips. The database used in this analysis is made of
MOCAP measurements of 9 healthy subjects whom were asked to perform specific
locomotion tasks in controlled environments, with and without a bilateral use of walk-
ing canes. The data allow the extraction of the joint coordinates in the sagittal plane
and are made available on-line for the research community. The dataset can be used
to investigate other combinations of limb coordination and eventually develop new
gait pattern generators.
Finally, we conclude by a discussion of the outcomes of this study, the limitations
of the developed methods, and directions for future work (chapter 4).
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The study presented in this manuscript is extended upon work submitted and
published in proceedings of conferences and scientific journals. See Publications for
the list of articles.
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The Sydney Compass Gait Walker.
2
The design and control of an open platform
for dynamic walking research
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Preview and contribution
Figure 2.1: A photo of the Sydney
Compass Gait Robot.
In this chapter, we outline the software and
mechanical design of a low-cost “compass-gait”
bipedal robot for dynamic walking experiments
(Figure 2.1) and its parameter identification. A
compass gait walker exhibits a desirable balance
of complexity in the dynamics and mechanical
simplicity, making it a good candidate for a phys-
ical realization. In the hope of making the hard-
ware of such walking robot more accessible to
other researchers, we describe the mechanical de-
sign, the software interface, as well as the dy-
namic modelling and parameter identification of a planar compass gait walker, in-
cluding a proposed stochastic impact map. Controlled walking experiments have also
been performed to validate our model and dynamic walking platform.
This approach aims to encourage universities and laboratories to build their own
walking robot and hence advance research in this field. With the hope that the lessons
learned herein are useful to any researcher interested in building a simple dynamic
walker of their own. We summarize the motivations and contribution of the work
presented in this chapter below:
• Open, detailed hardware and software design: To enable researchers with modest
budgets to build an experimental dynamic walking platform on which to test
new control methods, and for this testing to be reproducible by others. To this
end, the engineering side of the design of our platform is made accessible. Open
access to CAD models and source code for our low-cost compass-gait walker
hardware are provided online [18].
• A novel impact map: We propose a stochastic extension of the standard impact
map proposed by [91], and provide experimental verification showing that the
impact map fits our data.
• Simulation parameters : For researchers who prefer to stay in the world of
simulation, we provide realistic values of the relevant parameters describing
a compass-gait model. A non-symmetrical model reflecting our hardware is
also supplied.
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• Non-linear System identification: For researchers interested in non-linear dy-
namic system identification, we provide experimental data of walking motion
and our own modelling algorithms against which new methods can be bench-
marked.
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2.1 Bipedal walking robots
Figure 2.2: Some of the most distinctive bipedal robots. From left to right: Asimo [1],
Atlas [3], HRP-4 [15], Mabbel [163], and Nao [17].
As mentioned earlier, bipedal walking is one of the most efficient and versatile
locomotion mode. When it comes to the robotic world, many legged robots (Figure
2.2) were designed and developed to fulfil a variety of purposes such as research (The
Sydney compass gait), demonstration and promotion (Asimo), and education (Nao).
Some of these robots are controlled using the Zero Moment Point (ZMP) principle
to perform static walking motion as explained in Figure 1.3 (e.g. [16, 134, 184]): the
robot’s centre of pressure is required to remain inside the footprint. Under this con-
straint, the robot essentially becomes fully-actuated, and well-developed techniques
for modelling and control can be readily applied [162]. Dynamic walking robots, on
the other hand, have minimal actuation and their motions are strongly dependent
on the natural dynamics of the robot [53,123,191]. Pioneering work by Tad McGeer
showed that anthropomorphic walking gaits can be generated without any actuation.
Mcgeer’s “passive dynamic walking” devices walk down a shallow slope, relying on
the change in potential energy to recover losses due to friction and impacts [123]
and hence propagating its motion from one step to another. Roughly speaking, the
dynamic walking motion is a succession of falls. At each step the walker is falling
forward during the swing phase, then it catches itself as the swing leg hits the ground,
which results in a lifelike walking motion.
Dynamic walking robots extend upon this by adding a small amount of actuation
(mostly during the swing phase), enabling highly efficient gaits along flat ground
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[36, 53, 86], some of which have achieved similar efficiency to human walking. This
efficiency is also explained by the “under–actuation” property of these robots. In
contrast to ZMP walkers, most active dynamic walkers have fewer actuators than
dynamical degrees of freedom.
It is worth noting that advanced control strategies can make a ZMP walker achieve
dynamic walking or even gaits that have flight phases (i.e. when there is no contact
between the walker and the ground for a short period of time) [169]. The humanoid
robot Atlas [3] is an example of such robot. This robot is an impressive piece of
engineering for both the mechanical and the control aspects2.
While dynamic walking robots have great promise for efficient and versatile lo-
comotion, there are many open problems regarding their dynamics and control [74].
The main challenge is that the natural dynamics of a multi-link mechanical system
can be extremely complicated, and is made even more so by the presence of “impact
events” (when the foot strikes the ground), and the fact that the target motions are
not equilibria but periodic limit cycles. This motivates the development of simplified
models of dynamic walking, in both simulation and hardware, to gain insight into
these key phenomena.
Several specialized robotic hardware platforms have been developed specifically to
study the dynamics and control of dynamic walking (Table 2.1), (e.g. [26, 36, 52, 73,
86,164,202]). These platforms are often expensive and require impressive engineering
expertise. Cost constraints aside, existing guidance on design and construction of
dynamic walkers is somewhat limited. Though there are papers that provide a high-
level overview of system design and architecture for a dynamic walking robot (e.g.
[36,52,73,86,202]), it is rare to find a level of detail in hardware and software design
that would make research results reproducible.
However, experimental platforms such as the above-referenced are the exception
rather than the rule. The majority of research papers on dynamic walking are still
based on numerical simulation models (e.g. [32,69,75,76,84,116,132,161,201], among
many others). Some dynamic walking models are extremely simple. However, they
are either not anthropomorphic such as the rimless wheel of [123], or not physically
realizable such as the “minimal biped” of [25] and the “simplest walking model”
of [69,107], which have two rigid legs, but assume that the legs are either massless or
have negligible mass compared to the hip.
More complicated and physically realizable five-link walkers with knees and a
torso [52, 164] have also been considered for the study of dynamic walking, some
2Recently, this robot performed a 180◦ jump turn and a back-flip
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Table 2.1: Some characteristics of the most distinctive dynamic walkers with under–
actuated foot contact. (×: No, X: Yes)
Walker Passive/Active Height Weight 3D CAD Model
mechanical joints [m] [kg] motion files
SCGR (+3 boom)/3 0.32 1.40 × X X
[93] (+3 boom)/3 0.32 2.80 × × X
Cornell uni >1/4 0.81 leg 12.70 X × X
Denise >6/1 1.50 8 X × X
Toddler [171] 5/4 0.44 2.90 X × X
Mike [196] -/4 8 muscles 0.75 7 × × X
Mike 2 same 1.10 10 × × X
Atrias 2.1 [89] 4/6 1.71 62 X × X
Amber 2 [209] 4 (+6 boom)/6 0.82 7.15 × × X
Amber 3M [142] 4 (+6 boom)/6 0.87 21.56 × × ×
[185] 2/4 0.44 9.82 × × X
M2 [138] 24/12 1.52 28 X × ×
[96] 3/2 1.05 15.20 × × X
Durus [57] (+6 boom)/4 1.02 21.50 × × X
Dacbot [60] 2(+3 boom)/4 0.26 0.60 × × ×
Rabbit [52] 2(+3 boom)/4 1.43 32 × × X
Tulip [86] >2/12 1.20 15 X × ×
Flame [86] >2/8 1.20 15 X × ×
[26] 2 (+3 boom)/1 0.50 5.7 × × ×
ERNIE [202] 1 (+3 boom)/4 1.00 16.1 × × ×
of which have been designed with reversed knees [5] an can even achieve a walking
motion in a 3D environment [46]. Figure 2.4 shows a schematic of such models.
Figure 2.4: Illustration of single-
link (a), three-link (b), a five-link
(c), and reverse kneed five-link (d)
bipedal walking models.
If we consider the fact that most of the dy-
namics in the forward walking motion occur in
the sagittal plane, constraining the lateral and
the transversal motion of walkers should have
negligible impact on the dynamics. Undoubtedly,
the so called “compass–gait” model [71] is the
more acclaimed model which allows the study of
planar dynamic walking (i.e. studying the sagit-
tal plane dynamics only). McGeer studied a simi-
lar model to the compass-gait walker [123], except
with rounded rather than point feet, which has
been shown to have benefits for energetics [22].
Figure 2.3: Photograph and computer assisted design (CAD) drawing of the walker.
Briefly, the compass-gait model has two rigid legs, torque actuation at the hip, and
point feet that are unactuated (see Figure 2.9). It is assumed that the foot does not
bounce or slip when it strikes the ground. Upon foot-strike, a discrete “impact map”
by [91] is used to update the final state of one footstep to the initial state of the next
footstep (see Section 2.3 for details). In simulation models, the potential “scuffing”
of the foot as it swings through is neglected, while in hardware platforms it must be
avoided by foot retraction (which is used in our implementation), rocking side to side,
or some other mechanism. Also, numerous additions to the compass-gait walker have
also been studied, including an upper body, knees, swinging arms, and extensions to
3D models with lateral stability [54, 55,191,197,198].
To minimize the cost and complexity, we have chosen the basis of this hardware
platform to be the now-canonical compass-gait biped (see Figure 2.9). The main at-
traction of constructing a walker in the image of the compass-gait model is its balance
of simplicity and complexity. It could be said to be the simplest physically realiz-
able model for bipedal walking. It is “just complex enough” to exhibit the control
problems pertaining to dynamic walking — namely, under-actuation, nonlinear dy-
namics, and hybrid dynamics, while still being relatively simple two-link mechanism,
in contrast to four- or five-link models.
To address the lack of lower-level design information for dynamic walkers, and
inspired by recent open-architecture robotics research platforms (e.g. [4,77,100]), we
have made available detailed designs for our dynamic walker hardware, pictured in
Figure 2.1.(b) and Figure 2.3. We hope that by making these resources available,
experimental dynamic walking hardware can be made more accessible to more re-
searchers.
2.2 Mechanical and software design
We break the walker’s design in three sections: mechanical design, actuation and
instrumentation, and communication and software interface. Figure 2.5 shows the
CAD drawing of the walker.
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Figure 2.6: Computer assisted design (CAD) drawing of the cross-section view of the
walker.
2.2.1 Walker’s mechanical design
Figure 2.5: Computer assisted de-
sign (CAD) drawing of the walker
Since the compass-gait model is a sagittal plane
walking model with no lateral dynamics, our me-
chanical design attempts to be faithful to this as-
sumption. Due to space constraints, it was de-
cided to mount the walker on a rotating boom, as
in [52,164]. While this technically introduces lat-
eral dynamics, these are considered to be small,
as the boom is long compared to the foot sepa-
ration of the walker, which is 42mm, compared
to the 2200mm boom (Figure 2.3). We have cho-
sen to attach our biped to a carbon fibre tube
because of the lightweight and high stiffness that
this material presents.
As seen in Figure 2.7, a set of cylindrical roller thrust bearings between the central
pole and the boom is used to reduce friction, which was considered negligible due to
its proximity to the boom’s axis of rotation. Most of the stress endured by the
central pole is normal to ground and is due to the weight of the assembly. However,
centrifugal effects creates radial forces on the central pole. These forces reach their
peaks at the impacts and hence lead to lateral vibrations at the walker’s side. These
vibrations have minimal to non-existent effect on the walking motion.
Because of the lack of knees in the compass-gait model, the walker has retractable
feet actuated by servos that prevent them from scuffing the ground during the swing
phase. The feet are tipped with small rubber pads that approximate point contact
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with the ground. The upper part of the leg is formed from a square section that
houses these servos and mounts the rotational gear, and a lightweight tubular section
that forms the remainder of the leg. This aluminium tubular section in mounted via
a clamp and houses the retracting foot which in turn is actuated by an adjustable
linkage. Retractable rods that connect to the feet are housed within the aluminium
sections, and actuated with the servos. Delrin rods are used in the retracting foot
as this material provides a good lubricating fit to the lower aluminium tube and is
easily machinable, facilitating research in different foot shapes.
Figure 2.7: Cylindrical roller
thrust bearings in the boom-pole
joint.
This arrangement aims to shift as much of the
legs mass toward the pivot and away from foot
thus minimising unwanted inertia, as well as pro-
viding researchers an easy method to experiment
with the length of the legs; all that is needed is a
different length tube and a matching linkage.
The stator of the motor is attached to the
outer leg, whilst the rotor is coupled to the shaft,
which is the common support structure. As the
shaft passes through the walker from the outer
leg, through the inner leg, boom encoder and ul-
timately boom structure, the various components
of the walker are attached to it. The inner leg
uses a keyway and key combination to transfer torque between the two legs, whilst a
number of bearings are used to allow the outer leg to rotate with respect to the inner
leg and shaft, and allow the legs to rotate relative to the main encoder and boom.
Figure 2.6 shows a detailed cross-section view of the walker and Figure 2.8 shows
the mechanical joints map of the platform. This map shows both passive (grey) and
active (blue) joints. The whole walker assembly attaches to the boom and encoder
assembly via two circlips and a grub screw, the intent being to “future proof” the
system to allow many varied walker assemblies, including future 3 and 5-link designs,
to share a common boom–computing–power assembly.
Unfortunately, because of the way the walker is connected to the boom, there will
always be a difference in friction and inertia for each leg. The outer leg is connected
to the inner leg through two rotational joints (in between legs joint and the motor
joint), whereas the inner leg is connected through four rotational joints (those shared
with the outer leg, plus two more between the inner leg and the boom).
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Figure 2.8: Schematic of the joint
architecture of the Sydney Com-
pass Gait Robot. Blue joints are
actuated and grey are passive.
Weight carriers on the lower legs allow re-
searchers to make adjustments to the inertia of
the two legs by attaching weights made of dif-
ferent materials and thicknesses. This allows re-
searchers to make corrections for unbalanced iner-
tia in the design of the walker, as well as facilitat-
ing experimentation with purposefully increasing
inertia in steps as small as ∆Ic = 0.125e
−3 kgm2.
A counterweight of 5 kg set at a distance of
78 cm from the central pole is used to cancel the
weight of the boom and make the net weight of
the walker lighter to avoid damaging some com-
ponents and ensure that the servos could support
the walker during impacts. Furthermore, the po-
sition of this mass is adjustable. This counter-
weight will inevitably increase the radial inertia but will allow the user to explore
different setups by adjusting the self-weight experienced by the walker. For more
information, refer to 2.3.
2.2.2 Actuation and instrumentation
The walker has one main motor that actuates the hip joint. It is directly connected
to both legs, avoiding backlash and additional friction and inertia that would be
introduced by a gearbox system. The stator is mounted on the outer leg and the
rotor is connected to the inner leg. Also, the actuator needs to provide sufficient
torque to swing the leg. The motor chosen has a torque constant of Kt = 30.5
mNm/A and is able to hold a leg at 30◦ (as in Experiment 1) which is within the
range of motion for this robot.
The walker is equipped with two incremental encoders. Encoder 1 (Figure 2.1)
measures the angle between both legs ψ1, whereas Encoder 2 measures the angle of
the inner leg with respect to the boom ψ2. Encoder 1 has 2048 cycles per revolution
(8192 positions using quadrature mode), and Encoder 2 has 4096 cycles per revolution
(16384 positions).
Servomotors used to retract the feet are driven using a PWM signal and provide
a torque of 2.9 Nm which prevent the legs from compressing during impacts. Table
2.2 shows the list of the components used for the instrumentation and actuation of
the walker.
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Table 2.2: List of components
Component Specification
Motor Maxon EC 60 flat 412819
Encoder1 Maxon Encoder Mile 421987
Encoder2 US Digital HB5M-4096
Servo motors Hitec HSR-5980SG
Motor controller Maxon ESCON 50/5
Data Acquisition board National Instruments NI-PCI 6221
National Instruments SCB-68A
Computer and software PC Intel Core i7 3.4Ghz, 8Go RAM
Matlab/simulink 2015b or above
Other Arduino Uno, boom, counterweight
Figure 2.9: Schematic of the compass gait model (a) and the hardware (b) coordinates.
2.2.3 Mapping the hardware to the compass gait model
The compass gait model can be defined by the swing leg and the stance leg angles
respectively q1 and q2. However, the walker hardware does not directly measure q1
and q2. Instead, the encoders measure the angles ψ1 and ψ2 which are respectively
the angle between both legs and the angle between the inner leg and the boom (see
Figure 2.9).
The mapping from ψ1 and ψ2 to q1 and q2 depends on which leg is currently the
stance leg and is defined as follows:
• inner leg is stance → q1 = ψ1 and q2 = −ψ2.
• outer leg is stance → q1 = −ψ1 and q2 = −ψ2 + ψ1.
32
Figure 2.10: Data stream and electrical power architecture of the walker. d1: ψ1,
ψ2, and u(t). d2: extension/retraction signals (boolean). d3: u(t). d4: exten-
sion/retraction signals (PWM). d5: hall sensor measurements. d6: ψ1 and ψ2.
This takes into account the orientation of the encoders: clockwise sense of rotation
for Encoder 1 is counter clockwise for the second encoder.
2.2.4 Communication and software interface
We used a PC and Simulinkr to communicate with the robot through a data acqui-
sition board (DAQ). To allow for soft real-time control, we use the Simulink Desktop
Real-Time Kernel as well as the Real Time Windows Target library.
The control loop between Simulink and the DAQ board is run in soft real-time at
200 Hz; during each time step, Simulink reads the two quadrature encoder counters,
computes the control input for the motor, and sends an analogue signal (±10 V) to
the ESCON Motor controller.
Originally, PWM signals from the DAQ controlled the servos; however, these
signals experienced significant noise, which made the servos unreliable. Hence, an
Arduino UNO was placed closer to the walker, and generates PWM signals based on
a digital signal from the DAQ, which resulted in more reliable operation of the servos.
The data stream architecture is represented in Figure 2.10.
2.3 Modeling and Parameter estimation
We now briefly present a dynamical model of the compass-gait walker. If we let q be
the vector of generalized coordinates (the hip angle q1 and the stance angle q2) and
u the vector of torques and forces acting on the system, a model of the dynamics of
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the continuous phase of the system can be written as follows [162,191]:
M(q)q¨ + C(q, q˙)q˙ +G(q) = B(q)u , for q /∈ Σ (2.1)
Where M(q) is the inertia matrix, Coriolis and centrifugal terms are defined in C(q, q˙),
G(q) represents the gradients of the potential energy field, and B(q) the input dis-
tribution matrix that maps the effect of u onto [q, q˙]t (see Appendix A for the full
expressions of these matrices).
In this paper we have adapted (2.1) slightly for use with friction on the hip joint.
Since friction is added on the hip joint only, it suffices to use a scalar, non-linear
function F (q˙) representing both Coulomb and viscous friction.
M(q)q¨ + C(q, q˙)q˙ +G(q) = B(q)(u− F (q˙)) , for q /∈ Σ (2.2)
Σ is a set of switching surfaces in state space representing when impact occurs. On
these switching surfaces, the impact map defined in (2.3) is a model for the impact
dynamics for the compass gait walker [91].
q+ = ∆qq
−
q˙+ = ∆q˙(q
−)q˙−
q− ∈ Σ. (2.3)
The superscript − (respectively +) refers to the pre-impact (respectively post-impact)
value of a signal. The explicit representations of ∆q and ∆q˙ are provided in Appendix
A.
2.3.1 Parameter identification approach
Because of the large number of parameters to be identified, we have performed the
parameter estimation process in three steps, to fix as many parameters as possible in
each fitting process, improving the identifiability of the system.
Firstly, the mass m and length l of each leg were measured using a scale and a
ruler, with 2 mm and 0.1 g accuracy, respectively. The leg was removed from the
walker assembly for weighing on the scale. Similarly, the gravitational hip mass mHg
(i.e. the net weight of the walker mounted on the boom minus the weight of the legs)
is also measured using a scale. Now that these parameters have been established, we
consider them to be fixed in the remaining experiments.
Due to the mechanical construction specific to this walker and the slight asymme-
tries between its legs, the traditional compass gait model has been modified to reflect
the physical properties of the hardware setup.
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Table 2.3: Fixed vs free parameters in Experiment 1 and Experiment 2.
Variable Expt 1 Expt 2
Leg mass m [kg] fixed fixed
Leg length l [m] fixed fixed
Gravitational hip mass mHg [kg] — fixed
Inertia Ic [kgm
2] free fixed
Length to COM lc [m] free fixed
Coulomb friction Fc [Nm] free fixed
Viscous friction Fv [Nms] free fixed
Inertial hip mass mH [kg] — free
Firstly, adjustments were made to cater for the fact that the robot is mounted
on a boom arm with a counterweight, and therefore walks in a circular path. The
dynamical effect of the boom and the counterweight, is approximated by using a
different hip mass for inertial (mH) and gravitational (mHg) terms in the model.
Secondly, the masses, centre of mass (COM), and inertia of either leg in the walker
are not exactly identical due to cables and motor attachments. This causes the robot
to be slightly asymmetric – in contrast with the compass gait model, which assumes
symmetry between the two legs. This issue is addressed by including separate masses,
COMs and inertias for the swing and stance legs in the model.
It is well known that parameter estimation for closed loop systems is inherently
difficult due to issues with identifiability, see e.g., [178]. To overcome the identifia-
bility issues and avoid over-fitting to a particular walking gait, the walking data for
Experiment 2 was collected using three different control strategies, with and without
a feedback control, as well as a parallel combination of the two, and tracking differ-
ent desired trajectories for the hip joint. See next section for more details on the
generation of the desired trajectories.
This choice is motivated by the fact that the identifiability of certain parameters
decreases when some of the dynamics exhibited by the system are cancelled by the
action of the feedback control [178].
We now describe the two experiments performed to identify the parameters of the
walker. Table 2.3 shows the free and fixed parameters for each experiment. In the
calculations that follow, we use velocity and acceleration signals that are derived by
central differencing oﬄine the encoder measurements.
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2.3.2 Experiment 1: Simple Pendulum Model
We first identify some of the parameters of a leg by swinging it as a pendulum. The
pendulum dynamic model was represented by (2.4).
Icq¨1 = Γ−mglc sin(q1)− F (q˙1) (2.4)
Where the torque Γ = Ktu, Ic the inertia to the hip joint of a single leg, and F (q˙1) =
Fv q˙1 + Fcsign(q˙1) the friction (here Fv and Fc are respectively the viscous and the
coulomb friction). The data for this experiment were collected using the following
procedure:
Experiment 1: Leg swing motion
Aim: Identify Ic, lc, Fv, Fc for each leg.
Objective function:
min
Ic,lc,Fv ,Fc
∫ tf
t0
‖y(t)− yˆ(t)‖2dt
where y(t) and yˆ(t) are respectively the recorded and the simulated hip angle q1
using (2.4).
Fixed parameters: m, g, Kt
Parameters bounds: p > 0 where p ∈ {Ic, lc, Fv, Fc} Procedure:
1. Fix the inner leg at its downward equilibrium.
2. Start logging data.
3. Lift the other leg so as to make the hip angle 90◦, then release to achieve a
free swinging motion. Let the leg settle at its downward equilibrium.
4. Actuate the motor with a square pulse with 90 mNm magnitude and a
period of 10 seconds. Do this for three cycles, and let the leg settle again.
5. Actuate the motor with a 55 mNm chirp ranging from 0.5 to 60 Hz over a
60 second interval.
6. Stop logging data.
7. Repeat steps 1-4 with the outer leg fixed, and record the inner leg swinging.
8. Perform minimization of the above objective function for each leg separately.
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Figure 2.11: Friction identification using Experiment 1.
This simple model will lead to an estimate of Fc and Fv, and will give values for
the leg’s inertia Ic as well as the length to the centre of mass lc. These values will
be used in the full compass-gait model of the walker, thus reducing the number of
parameters to be estimated and hence making the model more reliable.
We used MATLAB’s built-in parameter estimation tool to perform a nonlinear
least squares fit using the trust-region-reflective algorithm. The initial guesses were
specified based on values within the expected range of the different parameters and
the initial guess for lc was estimated using SOLIDWORKS. Moreover, according to
(2.4), all the variables have a constraint on their minimum value being 0.
Figure 2.11 represents the friction F (q˙1) as a function of the angular velocity of
the swing leg, which is obtained by differentiating the filtered angular position using
a zero phase Butterworth low-pass filter (12th order, half power frequency of 0.15);
it is clear that viscous and coulomb friction terms alone are insufficient to describe
the data. The friction model using these two parameters may be good for low speed
where most of the data are, but do not capture the effect of friction at high speed.
Table 2.4 shows the results of parameter estimation in Experiment 1. We noticed
a minor difference in the behaviour between both legs, possibly due to the cables
connecting the hip motor to the rest of the hardware. Figure 2.12.(top) shows the
free swing motion for the outer leg and 2.12.(bottom) that of the inner leg.
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Figure 2.12: Outer leg Model and hardware response comparison of the outer (top)
and the inner (bottom) leg.
2.3.3 Experiment 2: Compass-Gait Model with Friction
Using the parameters identified from Experiment 1, the only remaining unidentified
parameter of the walker – the hip mass, mH – can now be identified by fitting walking
data to a modified compass gait dynamical model.
The procedure of Experiment 2 is summarised below.
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Table 2.4: Measured and identified parameters.
Variable Initial guess Inner leg Outer leg
Kt [mNm/A] (Datasheet) 30.5
m [kg] (Measured) 0.7
mHg [kg]] (Measured) −0.4
l [m] (Measured) 0.278
Fc [Nm] 2e−3 5.4434e−3 6.7777e−3
Fv [Nms] 2e−3 1.4038e−3 1.7189e−3
lc [m] 4.37e
−2 4.4754e−2 5.0154e−2
Ic [kgm
2] 3e−3 4.3238e−3 4.3694e−3
Experiment 2: Walking motion
Aim: Identify the mH .
Objective function:
min
mH
∑
i
∫ T
0
‖y(t)− yˆ(t)‖2dt. (2.5)
where y represents the measured angles and yˆ represents the angles from simulated
dynamics. Herein, y = [q1 q2 q˙1 q˙2]
T .
Procedure:
1. Select four different reference trajectories.
2. Select three controllers – one feedback controller, one feedforward controller
and one parallel combination of the two as follows:
• PD controller
• Phase indexed ILC
• PD controller and phase indexed ILC as described in [104]
3. For each combination of reference trajectory and controller, record walking
motion for the walker until stable walking motion is achieved for at least 50
steps.
4. From each run, select 9 to 10 consecutive steps of stable walking motion to
form the data to be used in the parameter estimation.
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The data collected in Experiment 2 is first processed to segment the continuous
phase of every step. For better identification of the continuous dynamics, most of
vibration associated with foot impact are eliminated from the data by removing 35
milliseconds of data immediately before and after an impact is detected. Note that
at the impacts, only the angular positions of the state vector are computed using the
impact map described earlier, whereas the angular velocities are set as free parameters
because of noise and vibrations present in the encoder measurements that corrupt the
velocity estimation of q˙1 and q˙2. This will be discussed later in 2.3.5.
The segmented and processed data are then used in the estimation of the hip
mass (mH) using MATLAB’s nonlinear grey-box estimation toolbox, with nonlinear
least-squares to minimize output error. We set a bound on the search of the hip mass:
0 < mH < 15 and 2 kg as the initial guess. The parameter mH was evaluated at
2.28 kg with 0.65e−3 variance. It is worth noting that for this parameter estimation,
an average of the viscous and Coulomb friction from Table 2.4 is used in the friction
model. Figure (2.13) shows the best and the worst overall fitting to data for a single
step.
2.3.4 Data driven System identification challenges
As mentioned earlier, data driven modelling of complex systems is often a challenging
and difficult task. Some of the reasons are:
• Nonlinearity: There is a highly nonlinear relationship between parameters and
simulated output
• Identifiability: For controlled system, some dynamics are cancelled by the action
of the feedback control
• Datasets quality: When a data set is not rich enough and do not capture all
the information needed to reflect all the dynamics of a system
• Model accuracy: Some assumptions made during the derivation of a model can
be violated in real life.
2.3.4.1 Size and richness of the data set
To highlight the importance of using a rich data set in the system identification
process, we run a second parameter estimation to showcase some of these difficulties.
The data used in the system identification here is made of recordings (Dataset 2) from
experiments using a single control strategy and two desired trajectories. Here, mH
was evaluated at 3 kg with a variance of 2.50e−3 (compared to 2.28 kg with 0.65e−3
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Table 2.5: Identified parameters. I.L: Inner Leg. O.L: Outer Leg.
Experiment Sequential ID Concurrent ID
Variable I.L O.L I.L O.L
Fc [Nm] 5.44e−3 6.78e−3 8.99e−3
Fv [Nms] 1.40e−3 1.72e−3 −6.02e−4
lc [m] 4.48e
−2 5.02e−2 4.14e−2 5.04e−2
Ic [kgm
2] 4.32e−3 4.37e−3 3.95e−3 4.46e−3
mH [kg] 2.28 3.63
variance using Dataset 1). The variance for Dataset 2, which contains less controllers
and references than Dataset 1, is four times larger, suggesting that careful selection
of data set is important in system identification.
2.3.4.2 Isolating parameters
Another problem in performing system identification using data from measurements
arises from the high dimensionality in terms of the number of identifiable parameters
of a system. As mentioned earlier, it is wise to design a set of experiments, each of
which will target the identification of as few as possible parameters. Ideally, one may
need to design one experiment per parameter. However, and as it is often the case,
many parameters are multiplied together and cannot be isolated from the others.
Here, we are comparing results from a system identification where all the parameters
are set to be free and are identified from a single experiment, to those from (2.3.2) and
(2.3.3) using – as training data – the same data set used in (2.3.3). The identified
values obtained are summarized in Table 2.5 and it can be clearly seen that some
of the values do not represent realistic physical phenomena. Although the identified
model is wrong, we obtain a better fitting to data than the previous system modelling
described in Experiment 2.
2.3.5 Impact model analysis
In this section we compare our experimental results with the impact model given in
(2.3). For a compass-gait walker, an impact model is required to encapsulate the
behaviour of the walker from heel strike to the new swing foot lifting off the ground.
This includes slip, rebound, compression of the rubber feet, flexing and vibrations in
the legs and boom, and any possible double-support phase experienced by the walker.
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Figure 2.13: Real data and identified model of the continuous dynamics. Best (a)
and worst (b) fitting from 114 steps of Experiment 2.
Hence impacts are not instantaneous in reality; however, we may still be able to apply
(2.3) if we choose the pre- and post-impact states carefully.
The selection of when pre- and post-impact data points occur is non-trivial. Figure
2.14 shows the encoder positions and velocities; we see that near the online-estimated
impacts (G), there are significant oscillations in the velocities (up to 15 time steps,
or 75 ms). This precludes simply choosing q˙− and q˙+ to be one time step to either
side of (G), and instead, the pre- and post-impact points were selected by hand.
Now we can compare the measured post-impact velocities q˙+ with the estimated
post-impact velocities
ˆ˙q+ := ∆q˙(q
−)q˙− (2.6)
where q− and q˙− are respectively the measured pre-impact angular positions and
velocities.
The scatter plot Figure 2.15.(a-b) shows the ˆ˙q+ and q˙+ in function of q˙−, for each
of the twelve sub-experiments described in Experiment 2, resulting in the use of 9
impact events per sub-experiment. In these scatter plots; each combination of the
four references and three controllers is represented, as the impact model should be
invariant to changes in reference or controller. The model seems reasonably good
overall, though it slightly under-predicts q˙+1 . This non-zero mean is likely due to
the existence of a control action already being applied for several time steps before
our selection of the post-impact velocities q˙+ (i.e. after vibrations), causing a higher
acceleration, and hence a higher velocity, as the foot lifts off the ground. Indeed, the
step length of the walking motion achieved using the hardware is not constant and
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Figure 2.14: Close up of a few signals near impacts as estimated online by a sim-
ple geometric condition (G). Manually, we chose pre-impacts (M-) points to be one
time step before a large spike in ψ¨1 and ψ¨2, and post-impacts (M+) to be after the
accelerations have settled.
the measured state does not match perfectly the desired trajectory, which explains
the non-zero control input at the beginning of each step (see 2.4.2).
Figure 2.15.(e-f) shows Q-Q plots of the impact model error defined as ε := q˙+− ˆ˙q+
compared to normal distributions. ε2 seems to be close to zero-mean normal, unlike
ε1 likely because of the reasons discussed above. For a sake of simplicity, we will
expediently model ε1 as a zero-mean normal distribution as well. A stochastic impact
model is likely to improve the post impact estimation of q˙1 and q˙2. Based on the
variance of ε, we amend (2.3) to produce a stochastic impact model:
q˙+ = ∆q˙(q
−)q˙− + ε (2.7)
where ε ∼ N (0, σ2), with σ2 = [σ21, σ22] = [0.07, 0.02] respectively for q˙+1 and q˙+2 .
It seems the model (2.3) is already reasonably accurate after choosing q˙− and
q˙+ carefully; we have suggested a stochastic extension that reflects the data more
accurately. It is hoped that this information will be useful in improving the accuracy
of walking robot simulations. In particular, when analysing the performance of a
proposed controller (e.g. step time, gait-sensitivity norm [85]) within some range of
initial conditions (i.e. post-impact states).
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Figure 2.15: Pre- and post- impact velocities from measured data compared with the
model (2.3).
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Figure 2.16: Angular position of the motor in function of the control input voltage
for different ramps.
2.3.6 Unmodeled dynamics
We used a simple model to capture the effect of friction at the hip, and from Figure
2.11 we can clearly see that the friction model does not fit very well the experimental
data. Furthermore, the system is out of nominal operational condition for a motor,
the maximum angular velocity recorded from a typical walking motion is of 2 rad/s.
This value is very low compared to the nominal speed from the data sheet of the motor
which is in this case 3290 rpm = 344.53 rad/s. In addition, the cogging phenomenon
that occurs at low speed rotation for brush-less motors produces non-linear effects that
are not modelled. Figure 2.16 shows the result of an experiment where one leg is fixed
(held stationary), and the other is driven by a ramp input u. We applied different
ramp inputs to the loaded motor and measured the angular position. The load is
not constant3 and varies with q1. As clearly seen in Figure 2.16, the cogging is more
prominent for low variations of the input voltage (blue and red curves) as compared
to high variations, where the inertia of the motor smooths the signal (purple and
green). It can be seen that the response depends very heavily on the speed at which
the motor is turning, with low speeds exhibiting extremely non-linear behaviour.
It was found that the cables supplying power and communication have an impact
on the dynamics, as they drag along the ground and can carry large spring forces
from coiling or tension. These effects were mitigated by carrying the cables along in
Experiment 2.
3The load is monotonically increasing from 0◦ to 90◦
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Figure 2.17: A simplified block diagram representing the system
2.4 Control strategy and validation
2.4.1 Reference generator and controller
In the following section, we will give a brief description of the control strategy and the
basic concepts used to achieve a stable dynamic walking motion. Figure 2.17 shows
a simplified block diagram of the system.
We used the well-known virtual holonomic constraints (VHC) [104, 116, 118, 164,
190,191] as a method to generate a desired trajectory for the hip angle. Briefly, this
method consists of using a variable constructed from the state vector that is strictly
monotonic over a step to parametrise the desired trajectory. This variable is also
called phase variable and it is a way of synchronising the joints of the robots during
the gait, i.e. the joints are represented as a function of the phase variable. Since the
compass gait is a 2 DoF system, the state can be defined by the hip angle and the
stance angle. Moreover, for compass-gait walkers, it happens that the stance ankle
angle is strictly monotonic over a step and hence a good candidate for the phase
variable. The desired hip angle is then defined by q1r = f(q2) where f is a continuous
function representing the synchronisation between the stance and the hip angles.
Here, we used an 8th order Be´zier polynomial to define the VHC (2.8), taking care
to ensure that the hybrid zero dynamics are invariant; i.e. the dynamics along the
reference trajectory in fact result in a stable, periodic walking motion [190]. Figure
2.18 shows the reference trajectory q1r in function of the stance angle q2.
q1r(q2) =
n−1∑
k=0
ak
(n− 1)!
k!(n− 1− k)!s(q2)
k(1− s(q2))n−1−k (2.8)
Where ak is the k
th control point of q1r, with k = 1, . . . , n, and s(q2) =
q2−Sar
−2Sar . The
coefficients ak were chosen by fitting a Be´zier polynomial on data extracted from a
walking experiment, which used a hybrid zero dynamics invariant reference that was
tuned based on intuition. This was done to ensure that q1r respected the hardware
constraints, such as motor torque limits. A simple PD controller is used to track the
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Figure 2.18: The reference trajectory in function of the phase variable. Red area
shows when the swing leg foot is retracted.
Table 2.6: Control parameters used in hardware.
Parameter Value
PD gains [V/rad];[Vs/rad] Kp = 17.1887 ; Kd = 1.5814
Stance angle range [rad] Sar = pi/18
Sampling time [s] T = 0.005s
Be´zier polynomial A = 2Sar[−1− 0.977− 1− 1.21.92.41.31.11]
weighting points
reference, as in [52]. Numerical values of the relevant parameters can be found in
table 2.6.
To detect which leg is the stance leg, a Boolean signal (high when outer leg is
stance) is built as follows: when |q1| > 10◦, and the condition |q1 − 2q2| < Tol is
satisfied within a tolerance of Tol = 0.1◦, the Boolean signal switches state. Thus,
heel strikes are detected on the rising and falling edges of this signal. This algorithm
is implemented in Simulink as seen in Figure 2.19.
Figure 2.19: Block diagram of the leg
switching function. The output defines
which leg is the stance leg. Tolerance=
0.1◦ and q1min = 10◦
The RC servos also follow a virtual
constraint, but merely a Boolean one,
i.e. the retraction and extension of the
feet are triggered using the phase vari-
able (Figure 2.18). If −1◦ < q2 < 7◦
we retract the swing leg foot. Figure
2.20 shows an illustration of the com-
pass gait during one step. As can clearly
be seen, without retraction, the foot will
scuff the ground at the beginning of the
swing phase, which will prevent the walker from completing the step, and hence, not
47
0 50 100 150 200 250 300
Step number
0
2
4
6
Fr
eq
ue
nc
y 
[H
z]
Step frequency
Figure 2.21: Graph showing the step frequency for a 318 step long experiment.
carrying a walking motion.
2.4.2 Walking experiments and related work
Figure 2.20: Illustration of the
foot clearance during the swing
phase with (green) and without
retraction (Orange).
We were able to complete 515 steps in one single
experiment. At this point, the cables connecting
the hardware to the power supply and the com-
puter prevented the biped from walking further
as they had wound themselves around the cen-
tral pole. Figure 2.22 shows a few typical steps
during a walking experiment.
During long experiments, we noticed that the
walker slows down and speeds up in a cyclic pat-
tern as can be seen in Figure 2.21. For a constant
step length, we can easily link the walking speed
to the frequency of the steps. After investiga-
tions, we came to the conclusion that the floor in the laboratory was not perfectly
flat. As mentioned in [47], the compass gait walker is very sensitive to terrain.
This robot has been (and continues to be) used to test more advanced control
strategies. For example, a phase indexed iterative learning controller [104] was suc-
cessfully implemented on the walker. A demonstration can be found here [7]. This
platform also provided an experimental verification of a framework analysing the sta-
bility of walking motions under the use of virtual constraints [170]. More information
as well as a video showing the results can be found here [7].
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Figure 2.22: 10 consecutive steps in a walking experiment. Top: the hip angle and
the desired trajectory. Bottom: the control input.
2.5 Conclusion & Future Work
We have developed an open experimental platform for dynamic walking research,
based in the compass-gait biped model. We have made available all information
required to reproduce this platform, including software source code and hardware
CAD files. In addition, we have derived an accurate mathematical model, including
a novel stochastic model of ground impact, and identified its parameters from hard-
ware experiment. We also provide the identification data sets, which can serve as a
benchmark for non-linear system identification algorithms.
Looking to the future, there are some aspects of the hardware implementation that
could be improved. For example, the cables supplying power and communication drag
along the ground and can carry large spring forces from coiling or tension. However,
if the system could be made to be self-contained, this problem can be eliminated.
Using batteries as the counterweight and an on-board computer will eliminate the
problem of cables dragging on the floor and winding around the pole as the robot
walks in a circle. A simpler and less drastic solution could be achieved via the use
of a slip-ring mounted on the central pole and connected to data and power cables
hanging above the platform to avoid the walker stepping on them.
The ground impact detection could also be improved by using a force sensor
mounted on the feet to trigger the heel strike. As opposed to the geometrical method
described earlier, these sensors will detect the impact accurately even if the ground
is not levelled and flat.
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After hundreds of experiments, the central shaft shows some defects as it had
started to bend. During the early stage of tuning the reference and the walking
motion, the first experiments were jerky and had “violent” impacts, which is likely
to be the cause of the bend in the shaft. Here we used a 8 mm diameter shaft; in
the future, it may be prudent to consider using a thicker shaft. This would increase
the rotational inertia, but the whole design will be stronger and more resistant to the
rigours of experimentation.
Furthermore, we ended up using two different incremental encoders with different
resolutions. If we consider the fact that the angle between the walker’s legs moves
around two times faster than the angle between the inner leg and the boom, it might
be wise to consider the use of a higher resolution encoder to measure the angle between
the legs of the walker.
To further study the control theory in dynamic walking, the complexity of this
walking robot can be increased by adding more degrees of freedom and links, such as
knee joints or a torso. The additional knee joints will make the walker a 4 DoF system
that is still under-actuated. This configuration can be used to provide stability and
versatility when it comes to crossing obstacles or climbing stairs. The addition of
a torso could allow the study and control of the walking speed. Advanced control
involving foot placement could also be explored using our platform. To achieve a real-
time foot placement control without a prior knowledge of the terrain, the walking
robot needs to be equipped with a ground sensing system. This property can be
fulfilled by mounting a depth sensing system such as stereo-vision or a LIDAR on
the boom. Findings could potentially be extended to wearable devices for walking
recovery.
By making our platform open source, we are making dynamic walking research
within easy reach to everyone interested in bipedal locomotion, including small re-
search groups, that otherwise cannot afford constructing a research platform from
ground. We hope to see the research community develop and design new modules
and contribute to the development of this platform.
In this chapter, through the study of dynamic walking using a compass gait walker,
we examined the use of the ankle angle as an input to control the behaviour of the hip
angle. This coordination was modelled by a virtual constraint, which synchronises
both joints. This work inspired us to investigate human locomotion and examine the
generalisation of concepts developed in this chapter to human gait. More specifically,
50
we propose a novel gait pattern generator for lower limb exoskeletons for rehabilitation
and powered prosthetics that takes advantage of the coordination between different
joints of the human body.
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Indego exoskeleton.
3
Predicting transitioning walking gaits:
towards the design of a novel gait pattern
generator
Declaration
The work presented in this chapter is reproduced and extended upon from previously
published papers (See list of publications). The purpose of this study was to address
the inherent dynamics of the human gait limited to the sagittal plane. This work
aimed at identifying a mapping between the motion of a leg and other limbs (herein,
the contra-lateral arm and both hip joints) in human gait. Nine healthy subjects
performed a locomotion task involving walking on a flat ground and stairs ascent, with
a bilateral use of walking canes. Least Squares (LS), the Koopman Operator (KO),
and Recurrent Neural Networks (RNN) were used to construct static and dynamic
maps. We examined two cases of possible application of such maps in lower limb
rehabilitation using active devices based on the level of disability of the patient: (1)
assuming partial or complete loss of the hip motion abilities (e.g. paraplegic patient)
and (2) assuming healthy hip joints (e.g. above knee amputees). Both inter-subjects1
and intra-subject2 maps are reported in this chapter.
1Between trials for a single subject
2Among many subjects
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3.1 Control strategies for lower limb rehabilitation
devices: a review
Although the extensive recent work on assisting voluntary motion with wearable
exoskeletons, today’s control strategies for lower limb rehabilitation exoskeletons are
not flexible enough to allow complete voluntary control. Instead they often use pre-
recorded trajectories that are triggered by the user. According to [64] walking with
exoskeletons shows better results in walking speed and the required exertion compared
to the use of KAFPs (knee ankle foot prosthetics). For reference and according
to a study realized in early 1990s, the walking speed of a patient suffering from
paraplegia using a wearable exoskeleton is approximately 1/6th of the walking speed
of an able-bodied person, setting the speed at around 0.2 m/s [97]. Certainly, the
use of rehabilitation exoskeletons contributed to a dramatic increase of the wearer’
walking speed in the last few years [70], but we are still very far from the able bodied
performances.
The human leg can be modelled as seven degrees of freedom system (three for the
hip, one for the knee, and two for the ankle). Thus, and according to the principles
of bionics, each exoskeleton leg should have seven degrees of freedom [49]. Although
using exoskeletons with lower DoF reduces the fidelity to a natural human walking
gait, this reduction in the number of DoFs simplifies both the design and the control
of such devices.
Before describing our approach, let us review the current advances in the control
of lower limb powered devices used in the different techniques and therapies in gait
rehabilitation [34]. Note that the control strategies as defined in this study do not
describe the way the actuation systems are controlled (e.g. force control, impedance
control, etc.) but rather the way the target joint trajectories are generated for the
affected limb.
The control strategies for lower limb exoskeletons that are designed for assistance
and rehabilitation training can be classified in many ways. First, one can consider the
human-exoskeleton interaction for the classification. The categories can be defined as
follows:
1. Data from the human: EMG EEG signals are used to identify the motion
intention in real time. This method needs a pre-processing of the EEG signals
and suffers from noise caused by the neural activity. Sometimes those signals are
not available for stroke survivors. In some cases, this strategy shows encouraging
results. It is used in the exoskeleton called MINDWALKER [186].
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2. The interaction force (floor reaction force Centre of Gravity (CoG) Centre of
Mass (CoM)): This method uses the interaction between the exoskeleton and
the user to estimate the motion intention. Leaning forward shifts the CoM
forward as well. This shifting is captured by the force sensor placed in the foot
insoles and is used to trigger the relevant motion (e.g. shifting forward triggers
a walking task). A human-exoskeleton interface based on these forces has been
developed for HAL-5 [174].
3. Data from the exoskeleton (joint angles joint torque): This method amplifies the
users movements and thus is not suitable for paralysed limbs. This strategy is
also called help as needed. It has been applied to the exoskeleton BLEEX [212].
Another classification considers the way the reference motion is generated. We
can distribute the control strategies in the following manner:
1. Motion assistance: also called “Help as needed”
2. Echo strategy: reproducing the motion of the healthy limb
3. Motion translation (converting the motion of other limbs)
4. Playing-back pre-recorded motion trajectories
The first type of control strategy takes advantage of the residual movements of a
patient’s affected limbs [128, 212] (e.g. a subject suffering from drop foot or elderly
people). This strategy operates by amplifying these movements and allows the user
to keep control of the affected leg [131]. The help provided is usually set below 100%
of the requirement which tends to encourage the patient to use the muscles to fulfil
the gap. The amount of help provided can be adjusted, allowing a faster recovery as
it can be decreased gradually with the user gaining more and more strength in his
affected limb. Unfortunately, this method cannot be used for paralysed limbs.
When using an Echo algorithm to replicate a walking motion, the patient must
be able to perform a normal walking gait with the non affected leg. This strategy
is a combination of time-based and phase-based control, in which the motion of the
sound limb is recorded then used to generate the trajectory for the affected leg with
a time delay and scaling [79,187].
The third method consists of translating the motion of sound limbs directly into
affected limb joint trajectories. This method provides more intent control as the user
controls the motion of the powered device in real-time. In [177], in an attempt to
design a control strategy for devices meant for patients suffering from hemiplegia and
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hemiparesis, the authors used the motion of the sound leg to generate the desired
trajectories for the impaired one.
Contrary to the above mentioned methods, the fourth requires a state machine
that incorporates a limited number of pre-recorded tasks or motions. In some work
done with the help of the HAL exoskeleton, the arm movement is used for motion
intention detection [79]. In this study, the version of the HAL exoskeleton uses a
cane as a walking aid. The cane is equipped with a force sensor that estimates the
motion intention of the user. The exoskeleton performs the desired motion based on
the position of the users centre of gravity and the force detected by the cane.
• When the cane leaves the ground, the exoskeleton performs the swing motion
• When the cane strikes the ground, the exoskeleton performs the stance phase
The cane is basically used during the stance phase to trigger the beginning and the
end of the swing phase, however, both leg motions (during stance and swing) are pre-
recorded. A state machine is used in some cases to provide a large panel of scenarios
such as start/stop walking, standing up/sitting down, and climbing stairs. A motion
is performed based on the posture of the wearer [167]. In this case, the walking
motion can be defined as a succession of independent tasks. Each one is executed
either manually via a push button or automatically via a motion intent identification
method (e.g. the position of the centre of mass or the centre of pressure, the motion
of the sound limb, etc.).
It is often difficult to distinguish the category of a control strategy because a
combination is usually used to improve the walking motion and the user experience. In
[39], an admittance control strategy is used, where walking movements are replicated
in the active training session from recorded movements realized during an assistive
training session with help from a therapist. An adaptive trajectory control is then
used to bring the patient movements as close as possible to the recorded motion. This
way, the patient is “forced” to learn the right trajectories. Usually, haptic feedback
gives patients information about their performance in real-time. In [78], the control
strategy consists of using the concept of virtual constraints to generate the desired
trajectories. The authors used state space based phase variable, i.e. constructed
from the state of the mechanical system. The advantage of this method relies on
the fact that the motion is not a function of time but rather a function of the state.
For MINDWALKER [186], a finite state machine is used to generate the desired
trajectories. The motion intent of the wearer are extracted from EMG signals and
the position of the CoM is used to define the state of the walker, and thus trigger the
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initiation of the legs movement. The user needs to lean forward to start walking and
balance is secured by moving and placing the walking aids (crutches in this case) in
the right positions according to the stride and walking path. Loosely speaking, the
exoskeleton leads the walk and the user is asked to follow the motion and maintain
balance. Another control strategy uses what is called a dynamic position trajectory
generator. First introduced in [80], this method consists of generating the reference
trajectory based on the EMG signals. The user’s motion intention is captured via the
EMG signals which are decoded from scalp EEG signals measured from the surface
of the skin. The experiments were realized on the NASA-X1 exoskeleton [80]. The
walking reference trajectories are composed of pre-recorded joints trajectories [133].
Briefly, the exoskeleton builds the right trajectory from different segments in function
of the sensed EMG signals. This method is unusable when the EMG signals are absent
or altered, and needs heavy processing to filter the noise from the signals. In [130] a
combination of four concepts is implemented:
• Gravity compensation: making the exoskeleton less noticeable to the wearer
• Reinforcement of isometric joint torques: amplifying the users movements
• Supplementation of active joint torques: generating the desired trajectory for
the impaired leg
• State machine: achieving different tasks such as standing up, sitting down,
start/stop walking, etc.
This method was implemented on the exoskeleton Indego. The transition between the
different states is performed according to the position of the centre of pressure [148].
The movement of a limb is first planned in the brain. The primary motor cortex
is then responsible of generating the neural impulses that lead to the execution of
the motion [144]. Hence, it is logic to investigate the use of neural signals in the
control of exoskeletons for rehabilitation as these signals give access to the early
stages of performing a motion or task. However, control methods using such signals
(e.g. EMG and EEG signals) are still in the early stages of development and suffer
from non-reliability and reproducibility. Furthermore, they require heavy tuning and
often are invasive. Sensing and processing physical interaction between the user and
the powered device is more reliable and reproducible. Therefore, control strategies
using kinetic and kinematic data from the user, instead of neural signals, should be
privileged at the moment.
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Figure 3.1: Illustration of the two (left) and four-phases (right) gait. Succession of
tasks to complete one gait cycle: (a) left leg and right arm swing→ right leg and left
arm swing. (b) right arm swing→ left leg swing→ left arm swing→ right leg swing.
3.2 Real-time gait pattern generator: Concept
As opposed to most of the studies focusing on a single periodic locomotion task, we
aim at predicting lower limb trajectories in a locomotion scenario that includes a
variety of tasks (e.g. over ground walking, stairs ascent, and coming to a stop) as
well as transitioning. The challenge consists of identifying maps that can hold for all
locomotion tasks that a subject may encounter in a daily life basis.
It has previously been suggested that it may be beneficial to include arm move-
ments in gait rehabilitation [67,122,182]. Because of the way the arm and its contra-
lateral leg are coordinated, we can easily think about using the movement of the able
arm to control the affected leg. This condition is usually found in patients suffering
from hemiplegia or hemiparesis. This way, we will likely keep the natural walking
motion smooth and continuous using a “two” instead of “four-phase” gait as it is
currently the case with some exoskeletons such as Twiice [63,183] and Ekso [6] (Fig-
ure 3.1). This will force the arm and its contra-lateral leg to stay coordinated and
hence could lead to the achievement of a dynamic walking gait (unlike the ZMP like
quadruped gait).
This novel gait pattern generator requires healthy upper limb motor skills, which
may sound like a limitation. However, we are targeting patients with a least one
healthy arm. For example, patients with a spinal cord injury in the lumbar or sacral
vertebrae have a complete control of their arms (Fig. 3.2).
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Figure 3.2: Illustration of the vertebral column and the reflexology chart. Graphic
provided by Back Up, a UK charity that supports people affected by spinal cord
injury.
To identifying maps between different limbs and ultimately prove the feasibility of
our concept, we conduct a gait analysis study focusing on the coordination between
upper and lower limbs in the human gait.
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3.3 Human gait biomechanics: Assisted and non-
assisted locomotion
In human bipedal walking, the movements of the upper limbs (head, arms, and trunk)
have been found to have only a minor impact on the energy exchanges occurring
during the walking gait [193]. This led the research community to focus on the joints
of the lower limbs (hip, knee, and ankle) when inspecting the locomotion features
and dynamics, hence, failing to consider the whole picture of the human gait. The
upper limbs did not receive much attention when analysing the human locomotion.
Nevertheless, the coordination between upper and lower limbs in the human gait –
also called inter-limb or inter-joint coordination when referring to the joints – has
been examined by few studies (e.g. [165,180,188,207]). This inter-joint coordination
happens in numerous occasions in our daily life (e.g. turning the steering wheel of a
car (driving), pedalling, or juggling) and it is well observed in unconstrained walking
or running, where several joints of the human body follow a specific pattern to achieve
a motion; an arm and its contra-lateral leg will both swing forward, whereas an arm
and its ipsi-lateral leg will have an almost out of phase movement [188]. During
walking at a comfortable speed, the arm swing appears to be an active process as
reported here [54], but the authors of [141,151] claim that this motion is completely
passive. In either case, it appears that the arm swing is a consequence of the walking
motion. This suggests the existence of a causality from leg to arm motion.
Before delving into the data analysis of the human gait, it is crucial to understand
the biomechanics of the human walking gait. In what follows, we will examine the
body synergies (i.e. the activation of different muscles to perform a motion) and the
coordination between different limbs during the locomotion, especially between the
upper and lower limbs.
3.3.1 Body synergies and inter-joint coordination
A healthy human walking gait is a complex process that involves diverse muscle
activations, some of which occur simultaneously, others in a specific order, which
ultimately result in a smooth and efficient motion. These synergies are described
in [194]. Recently, researchers invest more effort in replicating the human walking gait,
whether in humanoid robotics or rehabilitation exoskeletons, with varying degrees of
success. The fact is that the human walking motion depends on several criteria and
parameters such as the human anthropometric properties [194, 195], the inter-joint
coordination, and the body synergies. Moreover, the walking motion can be affected
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by some complex processes such as fatigue and emotional state that are hard to
quantify and measure. This complexity makes the human gait very vulnerable to
small injuries such as twisted ankle to more irreversible damage such as a lower limb
amputation.
The limb coordination and the synergies between the muscles needed which are
strongly related to the ability to perform a healthy walking gait can be altered in
many cases: post-surgery, post-stroke, with age, or the development of other neuro-
muscular degenerative diseases [23,135]. This can result in an unbalanced movement
and sometimes in the loss of the walking ability. This motor skill reduction can dra-
matically reduce the quality of life of the patient and can potentially increase the risk
of falling in social isolation that may lead to depression [30,68].
The human gait involves not only the lower limbs, but also the upper body, espe-
cially the arms. Therefore it is worth considering the upper limbs in the analysis and
assessment of the human gait.
3.3.2 Arm swing
In general, the arm swing is not a purely passive process (e.g. fast walking and
running). It has often been compared to pendular motion (two-link pendulum with
a constraint on the elbow joint). The primary mechanical effect of the arm swing
reduces the body twisting torque along the vertical axis during walking or running
phases [65], thus lowers the metabolic cost as well as the muscle work, making bipedal
walking one of the most energy efficient modes of locomotion. The arm movements
(amplitude and range) will change as a function of the speed of walking [42] and also
the situation (e.g. climbing stairs, walking up/downhill ...).
Arm swing is not a vital process in performing a walking gait for humans. However,
walking with the arm swing constrained requires greater muscle activation in the
lower back and legs and higher energy expenditure [67]. In addition, it is shown
in [44] that leg and arm contributions to the total angular momentum are about
90% while thoracic and pelvic contribution is around 10%. Moreover, the arms move
out-of-phase with each other but in phase with the corresponding contra-lateral leg.
Furthermore, the arm swing frequency is synchronized with the stride frequency [165]
and thus with the leg swing frequency.
If we consider the human gait in a dynamic environment that includes different
walking surfaces, stairs, and a multitude of obstacles, it is hard to distinguish all of
the properties of the terrain from the features of the human limbs alone. Intuitively,
the arm swing alone will likely not provide sufficient information about the walking
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surface (e.g. flat ground, slope) or encountered obstacles (e.g. stairs). The use of
walking aids is likely to fill in the gap and supplement the missing information, as
the arm will not perform a free swing motion but rather a fully active motion (e.g.
lifting the cane the clear the ground). Furthermore, it will likely allow us to include
information about transitions in the human gait (e.g. from walking to stairs ascent).
3.3.3 Walking aids
Often, walking aids are used to compensate for small locomotor disorders or to relieve
some of the load off the impaired limb. From a wheeled walker to a simple walking
stick, walking aids are usually used to provide assistance with balance and reduce
the stress on the injured or impaired lower limb. When used with an exoskeleton,
the walking aids provide an additional source of information as they are often instru-
mented to serve as a human machine interface between the user and the exoskeleton.
The smart walking aids are designed to either capture the user’s intent of motion or
simply use push buttons to allow the user to select different tasks (e.g. sit, stand,
walk, etc). Furthermore, it was found that a bilateral use of walking aids such as
crutches reduces the gait asymmetry and thus reduces the energy expenditure [122].
More power is required when walking with canes compared to crutches [140]. How-
ever, a reduction in the arm movement amplitude can alter the coordination between
arms and legs (frequency and phase) [42]. Moreover, as shown in [27], when subjects
use canes, they are able to travel a greater distance in a set time. Researchers have
studied the effect of different walking aids (simple cane with ergonomic hand-grip,
4 point-cane, and Nordic cane) on the walking capacity of patients with post-stroke
hemiparesis. Patients were asked to perform a 6 min walk test and the results show
that the greatest walking distance during the 6 min walk test is achieved through the
simple cane with ergonomic hand-grip. The use of walking aids alters the walking dy-
namics, especially the arm swing. As an obvious example, the use of a walker cancels
the natural arm swing, while crutches or canes modify this phenomenon resulting in
a reduction of the walking speed and an increase of the energy expenditure.
Put into the context of rehabilitation using powered devices, with the exception
of Rex [14] and Atalante [2], exoskeletons for walking recovery for paraplegics are
used along with walking aids, often with a pair of crutches, as they offer a strong
support and they can be used to host a human machine interface (push buttons) to
control the device. In many applications using an exoskeleton such as Rewalk [13],
the wearer is required to lean forward and use the crutches to relieve the device from
most of the wearer/device weight. This is due to the performance of the actuators
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as their power is proportional to their size and weight. Furthermore, with the use of
crutches, we can qualify the gait as being quadrupedal rather than bipedal. So far
and to the author’s knowledge, with the exception of RexBionics [14], no exoskeleton
available in the market is able to maintain balance while walking by itself without
requiring the assistance of walking aids.
Walking canes are a very popular walking aids among elderly people mainly be-
cause of their light weight. The main function of a cane is to provide stability to the
user as the number of point contacts between the user and the ground is elevated to 3
instead of 2. Although canes require more power than crutches [140], faster walking
speed was observed in chronic stroke patients using canes. The canes will likely force
the arms and the legs to stay coordinated according to a ratio of 1:1 regardless of
the walking speed: when arms achieve one cycle (or motion period), the legs achieve
one cycle as well. In [62] a ratio of 2:1 is observed for slow walking speeds, which are
within the speed range at which the existing wearable exoskeletons for rehabilitation
operate. Furthermore, unlike when using crutches, where the user maintains a “two-
point” contact between his arm and the crutch (i.e. the triceps and the wrist), canes
provide us with an additional degree of freedom3 (the wrist joint). Wrist movements
are not constrained during the swing phase, making the arm and the leg have the
same number of DOFs in the sagittal plane. For these reasons, walking canes will be
used as walking aids in this study.
3.4 Problem statement
Taking advantage of the existing coordination between upper and lower limbs in
human gait and the fact the motion of the arms is fully active when using walking
aids,
is it possible to predict a lower limb joint trajectories from the motion of the upper
limbs, a cane, and/or the other leg?
To help answer this question, we investigate the identification of maps between
lower limb joints coordinates (herein, the hip, knee, and ankle) and those of other
limbs. In what follows, we will adopt the notation in Table 3.1.
A non-linear dynamic system in the presence of inputs can be represented as
follows:
y = F(u,α) (3.1)
3the wrist joint is considered as 1 DOF in the sagittal plane
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Table 3.1: Notations. Tr and Val stand for Training and Validation. The subscripts
r and l respectively stand for right and left.
Variable Definition
a, a, and A Scalar, vector, and matrix
x Internal state of a model
y and y˜ Measured and predicted output Known in
u Measured input Tr Val
Φ
Leg joints: hip, knee, and ankle
yes no
Φ ∈ {ϕh, ϕ˙h, ϕk, ϕ˙k, ϕa, ϕ˙a}l
Θ
Cane, arm, and hip joints:
yes yes
Θ ∈ {θc, θ˙c, θw, θ˙w, θe, θ˙e, θs, θ˙s, ϕh, ϕ˙h}r, {ϕh, ϕ˙h}l
F Identified mapping no yes
An operator based representation, where u is the vector of inputs, y the vector of
outputs or targets, F a non-linear operator which we choose to call “mapping”, and
α a set of parameters. If we let y be the lower limb joint coordinates and u be the
angular position and velocity of the input joints, then the aim of this study resumes to
the identification of the operator F . In other terms, we are aiming at predicting the
lower limb joint (herein, hip, knee, and ankle joints) angular positions and velocities
from the other limbs motion through a non-linear mapping. The mapping F can be
broken down to “sub–maps” fi, i ∈ {h, h˙, k, k˙, a, a˙} relating one joint coordinate (one
element of y) to u.
There are several methods that can be investigated depending on whether we want
to identify static or dynamic maps. In the first case, the system can be described in
its discrete form as follows:
yt = F(ut,α)
This formulation assumes knowledge of the variables at the current posture. The
second case requires knowledge of the inputs/outputs history, as can be seen in the
following formulation:
yt = F(u(0→t),α)
In this chapter, we compare the performance of different methods used to identify
static and dynamic non-linear maps, which will be used to predict lower limb joint
trajectories from the motion of other limbs. In particular, we investigate the following
methods/tools:
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• Least Squares (LS)
• Koopman Operator (KO)
• Recurrent Neural Networks (RNN)
The choice of the inputs/outputs will depend on whether the maps will be used in
the control of exoskeletons or AFPs and KAFPs.
It is hard to define a measure of success when comparing different methods. One
needs to take into account a number of factors such as:
• Prediction error
• Computation time
• Memory requirements
• Complexity of implementation
• Computational complexity of training
• Computational complexity of (real-time) prediction
For simplicity, we use the regular and the normalised Root Mean Square4 (respec-
tively RMS and NRMS) of the output error to quantify the performance of a given
map as defined bellow.
RMS(y − y˜) =
√√√√ 1
n
n∑
t=1
(yt − y˜t)2
NRMS(y − y˜) = 100 ∗RMS(y − y˜)/RMS(y)
n being the number of snapshots.
3.5 Experimental set-up and data processing
To help us identify a mapping between upper and lower limb joints in the human
locomotion, we performed a series of MOCAP experiments. In this study, we focused
on the forward locomotion on a flat non slippery ground in a controlled environment
(absence of obstacles). Ethics approval was granted by the University of Sydney
Human Research Ethics Committee (Appendix B) to conduct experiments involving
human subjects.
Potential participants were recruited via the dissemination of participant flyers
and information statements which were distributed via email and a direct approach
4The NRMS is given as a percentage, which gives an idea on how well the predicted trajectories
fit the measured ones.
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Figure 3.3: Picture of the experimental setup used in the MOCAP experiments.
to the individuals. They were provided with an information statement (Appendix
C)5 describing the MOCAP trials and the experimental set-up. To be eligible, the
volunteers had to satisfy the following criteria:
• Being 18 years old or older
• Not having any gait disorder
• Not having sustained a lower limb musculoskeletal pain, injury, disease, or
surgery within the six months prior to the MOCAP experiments
• Not having sustained a upper limb musculoskeletal pain, injury, disease, or
surgery within the six months prior to the MOCAP experiments
• Being able to use a pair of walking canes
• Being not pregnant
After a careful selection, the subjects filled a form (Appendix D) and provided a
written consent to undergo biomechanical testing of their walking motion.
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Table 3.2: Some anthropometric data of the subjects.
Subject
Age Height Weight Dominant Walking speed
[years] [cm] [kg] leg with/without canes [m/s]
1 28 178 71 r 1.25± 0.026 ; 1.31± 0.025
2 25 178 70 r 1.01± 0.037 ; 1.16± 0.030
3 23 168 61 r 1.27± 0.034 ; 1.01± 0.031
4 36 173 70 r 1.03± 0.039 ; 1.08± 0.028
5 23 175 80 r 1.22± 0.038 ; 1.35± 0.032
6 21 179 65 r 1.15± 0.022 ; 1.05± 0.052
7 35 158 52 r 1.28± 0.068 ; 1.22± 0.032
8 24 181 85 r 1.26± 0.023 ; N/A
9 24 181 70 r N/A ; N/A
3.5.1 MOCAP experiments and subjects
The MOCAP experiments were conducted at the University of Sydney, Faculty of
Health Science. 9 healthy subjects (Age: from 21 to 36 yo. Height: from 158 to 181
cm. Weight: from 52 to 85 kg), all of which have their right leg as a dominant leg, were
recruited to take part of the MOCAP experiments. The subjects (Table 3.2) were
required to walk with and without a bilateral use of canes as walking aids, at their
preferred walking speed. No description of what we intend by the word “preferred”
was provided.
The rate at which the environment flows past the eyes, also called the visual flow,
helps in regulating the walking speed and the stride frequency. It also influences
the preferred walking speed as well as the transition speed between tasks [136, 189].
The preferred walking speed is also function of different parameters such as cultural,
physiological, and psychological factors [59, 109, 110]. On average, humans tend to
walk at speeds around 1.3 m/s [129], and the natural walking gait frequency for an
average human ranges from 1.4 to 2.1 Hz (1.8 Hz on average) [137]. In a controlled
environment without obstacles, walking on a flat ground in straight line can provide
a consistency cycle to cycle in the human walking gait. Hence, we exclude the use of
a treadmill in our MOCAP experiments.
5Note that the final experimental protocol is slightly different than the one described in the
appendix due to unforeseen problems (e.g. reflector occlusion and the volume size of the MOCAP
field of view) that occurred when using the MOCAP equipment.
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While bipedal walking action is three-dimensional, the work presented in this
chapter focuses on the two-dimensional dynamics and characteristics of human walk-
ing in the sagittal plane. Thus, the objective is to record the angles of the upper
limbs joints Θ = [θs, θe, θw, θc] (respectively the shoulder, elbow, wrist, and cane), and
those of the lower limbs Φ = [ϕh, ϕk, ϕa] (respectively the hip, knee, and ankle) as
defined in Figure 3.4.
Figure 3.4: The illustration shows
the different body angles. The re-
ported angles refer to one arm and
its contra-lateral leg.
We recorded tasks listed below, with and
without a bilateral use of walking canes. Some
of the tasks involved a flight of stairs made of
5 steps. Figure 3.3 shows a photograph of the
MOCAP facility and the experimental setup.
• Over-ground walking at a constant speed
• Walk to target, stop, then initiate walking
• Stairs ascent then upright resting posture
• Upright resting posture then stairs descent
Subjects were given some time to get famil-
iar with the setup before recording their motion.
Each subject repeated each task 11 times leading
to a total of 792 trials6. An average of 3 steps
was recorded before the first step of the stairs in
each trial, and enough steps were achieved before
entering the MOCAP system field of view, allow-
ing us to capture the transitioning in the human gait (e.g. over ground walking to
stairs ascent).
The intention here is to construct a large MOCAP dataset by recording numerous
experiments involving different locomotion tasks. This dataset is made available for
the research community for free to help those who cannot access MOCAP facilities
or investigators who need data to validate their proof of concept.
We build a MOCAP dataset from a collection of locomotion experiments involving
the subjects described earlier. The dataset is made available here [117].
3.5.2 Experimental setup
69 subjects - 11 trials - 4 tasks - with and without canes
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Figure 3.5: Model
of the body and
canes segments.
The MOCAP system used in this study is made of 16 Motion
Analysis cameras (Cortex Motion Analysis Corporation, Version
3.3, Santa Rosa, CA, USA), recording at 100 fps, and covering
a surface large enough to allow the capture of 7 to 8 steps at a
comfortable walking speed (stride). Calibration of the system
was completed at the beginning of every session of data collec-
tion. Across all the sessions, the residual spatial error for the
motion capture analysis system was less than 0.5 mm.
As we limited our study to the sagittal plane, 18 retro-
reflective markers were placed strategically on the subjects’ up-
per and lower body segments (Figure 3.3 and 3.5) so that their
body movements could be tracked to allow the extraction of the
joint angles in the sagittal plane. Two retro-reflective markers
were also placed strategically on the canes in order to estimate
their motion characteristics. Figure 3.5 shows the simplified
model of the human body based on the tracked reflectors.
3.5.3 Data processing
We consider data from 9 subjects and 11 trials per subject. Two
cases are investigated in this framework:
1. Intra-subject mapping identification
2. Inter-subjects mapping identification
First, the intra-subject case consists of examining each sub-
ject separately, where maps are identified between trials. The
training dataset is made of 10 experiments and one experiment
is left for the validation data. In the second case inter-subject,
we examine the identification of maps that can hold across dif-
ferent subjects. The training dataset is made of data from 8
subjects, including 11 experiments each, while the validation
data are from the recorded motion of the 9th subject. This
identification will be repeated for each subject.
To prevent the loss of information encoded in the motion
of the walking canes and the body limbs, we chose to process
slightly the raw data supplied by the MOCAP system. The data
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from the Cartesian coordinates of the reflectors were zero phase shift low-pass filtered
at 15 Hz because most of the dynamics in the human gait occur below 11 Hz, with
main frequency components located around 1-2 Hz (Figure 3.6). These coordinates
were used to compute the angular positions (in deg) and velocities (in deg s−1) of
the body joints. Note that the velocities are obtained by central differentiation of the
angular positions.
During the data processing, we noticed missing data point. This is due to the
occlusion of some reflectors during the locomotion task (e.g. when swinging, the arms
occlude some of the lower limb reflectors). These Cartesian points were reconstructed
using cubic splines7 before extracting the joint angles. The latter were initiated to
zero at the “h” posture, where the elbow joint forms 90◦ with respect to the vertical,
and the canes are perpendicular to ground. Note that the cane angle is defined with
respect to the vertical axis (i.e. θc = 0
◦). Figure 3.4 shows the different angles of
one arm and its contra-lateral leg. Once the coordinates have been extracted, the
sampling rate was reduced to 12.5 Hz by down-sampling the dataset according to a
ratio of 1:8. It was found that the down-sampling had a little to no effect on the
quality of the prediction. This can be explained by the filtering at 15 Hz of the
Cartesian coordinates and the fact that most of the spectral density is located below
11 Hz for all the joints used in this study (Figure 3.6).
3.6 Methods and tools
Aiming at predicting the lower limb joints trajectories from those of other limbs,
we examined several methods to model the maps between the inputs and outputs as
discussed earlier. In the methods’ description below, we will consider the discrete-time
domain and adopt the notations introduced in Table 3.1.
Let us consider a non-linear system defined as in (3.1). The search of F is done
by minimizing the following cost function:
min
F ,α
1
n
∑
t
‖yt − yˆt‖2 (3.2)
3.6.1 Least Squares: LS
Least Squares is widely used in regression analysis to identify an optimal solution in
terms of the sum of squares of the residual simulation error to overdetermined systems
7Only sections smaller or equal to 10 consecutive missing points (≈ 100ms) were reconstructed.
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Figure 3.6: Spectral density of the body joint angular positions and velocities ex-
tracted from MOCAP data in over ground walking (top) and stairs ascent (bottom).
(e.g. curve and surface fitting). If formulated properly, it can help in identifying static
maps given input/output measurement data.
The objective of this method is to identify the sub–maps fi for each leg joint
angle, where y ∈ Φ, and u ∈ Θ. Using the matrix formulation, we solve for α in the
following equation:
y = Ayα
where the rows of the matrix Ay (referred to as “dictionary”) are the snapshots and
the columns are the monomial basis constructed from the inputs u. First let us define
the function Monom();
Monom(X, d) = basis elements of (
n∑
i=1
xi)
d
Example : Monom([a b c], 2) = {1, a, b, c, ab, ac, bc, a2, b2, c2}
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Using this definition, the matrix A can be written as follows:
Ay = [Monom(u, d)] =

u1(1) u2(1) ... un(1)
u1(2) u2(2) ... un(2)
...
...
...
...
u1(m) u2(m) ... un(m)

This formulation can be assimilated to a polynomial regression, where the poly-
nomials are function of variables rather than time (i.e. poly ◦ u(t) = poly(u(t))
instead of poly(t)). Note that we consider monomials (basis of polynomials) of up
to degree 7 (d = 7) and we will justify this choice in section 3.7.3.1.
The LS method resulted in the identification of a set of vectors αi which represent
the static maps between one joint coordinate from the leg and those of the “input
limbs”. The elements of these vectors are designed by minimizing the cost function
defined in (3.2). The data reconstruction is obtained by solving for yˆt in the following
equation:
yˆt = utαi
3.6.2 Koopman Operator: KO
There is a growing interest in the Koopman theory; especially in the fields of fluid
dynamics and system identification [45,121,126]. First introduced back in 1931 [105],
the Koopman operator K can be used to model dynamic systems from input/output
data. By definition, K is an infinite dimensional linear operator able to capture tem-
poral behaviour. Applied to a dynamical non-linear system x˙ = f(x), the Koopman
operator acts on observable functions g as:
Kg = g ◦ f ⇒ Kg(x) = g(x˙)
Hence, K defines an infinite dimensional linear dynamical system. The challenge is
to construct a basis of functions that spans a finite dimensional subspace invariant
under the Koopman operator. These functions are referred to as the Koopman modes.
In practice, the Koopman modes are typically computed using Dynamic Mode
Decomposition (DMD) [192].
Let us consider a dynamical system in the discrete form written as follows:
xt+1 = Axt − Lyt (3.3)
where A represents the system matrix, xt the state vector, L a gain matrix, and yt
a set of observables (called dictionary). Similar to [143], our dictionary is made of
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monomials of observables. The objective is to identify approximations of A and L
which model the system.
The system from (3.3) can be rewritten in the following representation:
X ′ = [A L]
[
X
Y
]
= HΩ (3.4)
where X ′ = [x2x3 ...xm], X = [x1x2 ...xm−1], m the number of snapshots, and Ω
contains both the state and the observables.
We perform a truncated Singular Value Decomposition (SVD) of Ω ≈ USV T .
Therefore, the approximation of H is given by:
H ≈ H˜ = X ′V S−1UT (3.5)
Approximation of A and L can be found as follow:
A ≈ A˜ = X ′V S−1UT1
L ≈ L˜ = X ′V S−1UT2
(3.6)
3.6.3 Recurrent neural networks: RNN
Artificial Neural networks (ANN) are good at approximating functions. Given a
training set of data generated by a system f (targets = f(inputs)), a neural network
can learn relationships inherent to a dataset. When supplied with new inputs, the
ANN can use this knowledge to deliver outputs that are similar to the targets learned.
Along with classification and forecasting, neural networks are also used in system
identification [51].
There are two kinds of ANNs, Feedforward Neural Networks (FNN) and Recurrent
Neural Networks (RNN). When it comes to identifying dynamical systems, RNN have
a significant advantage over FNN thanks to the feedback connections in the hidden
layers, which help in learning temporal behaviours. The feedback connections in the
RNN give them the ability to keep a track of the evolution of signals. After training,
these NNs can capture the dynamics of the system and learn temporal behaviours
from the input-output data. The resulting NN, which is non-linear due to its structure
and the activation functions used in the neurones (e.g. sigmoid functions), can be
considered as a representation of the system f . This identified system can simulate
outputs from new inputs and hence can be used to predict output behaviour. The
number of hidden layers is directly linked to size of the memory to be taken into
account in predicting the future outputs. For example in text or speech prediction,
one layer will have knowledge of the previous word to predict the next one. With
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four layers, this knowledge is extended to four words which may be sufficient to
understand the context of the sentence and hence provide better predictions of the
following words.
There are many challenges specific to neural networks in general and their ability
to deliver meaningful outputs. Looking at the structure of a neural network, intu-
itively one may think that neurones can converge to the same “neurone” because
each of them takes the same inputs. When this happens, over fitting problems arise.
One of the challenges with neural networks consists of choosing the right number
of neurones and layers. Also, the level of prediction ability of a neural network is
function of the quality of the inputs. Redundant or little informative inputs increases
the complexity of a network and decreases this prediction ability.
In case of tasks with long-range temporal dependencies, RNN appears to be diffi-
cult to train because of their non-linear iterative nature [35,87,120]. If implemented
for a prediction task, a small alteration of an iterative process (e.g. noisy inputs)
may lead to large effects (i.e. overshoots) later on; This can be referred to as the
“butterfly–effect”.
For a dynamical system described using the state space formulation, the internal
state at (t + 1) is assumed to be correlated to itself and the system’s inputs at (t).
The system can be described as follows:
xt+1 = f(xt,ut)
yt = h(xt,ut)
(3.7)
where (f, g) represents non-linear functions, xt the state vector, ut the input vector,
and yt the output vector. It is easy to derive a formula relating yt to x0 and the
history of the inputs by recurrence. Hence, given a set of observables ut and a set
of initial conditions x0, one can now predict the output vector by performing a feed-
forward simulation.
In the system identification field of research, the objective is to approximate the
functions f and h given input and output data. The challenge consists of defining
meaningful states. In a similar fashion, the RNN network gives an approximation of
the function h only, as the states and the function f are implicitly defined through
the activation functions and their respective weights.
The RNN dynamics can be described as follows:
yt = h(xt,xt−1, ...,x0,ut,ut−1, ...,u0)
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Figure 3.7: A multi–dimensional recurrent neural network topology. Orange arrows
represent the feedback connections.
where the internal state x can be defined as xt+1 = f(xt,ut). This formulation can
be compressed in the following form:
yt = hw(xt,ut) (3.8)
where hw is some function with parameter w related to the nodes’ weights, uk is the
current input state, xk the current internal state of the neurone-node. By analogy,
this formulation looks very similar to (3.1). Which means that RNN can capture the
dynamics of a system and hence be used to predict temporal behaviour of a signal.
We used Layer Recurrent Neural Network (LRNN) – which general structure can
be seen in Figure 3.7 – with Levenberg-Marquardt back-propagation training method.
In this study, we considered MISO (multi in - single out) networks made of a single
hidden layer. The feedback connections happen at the level of the nodes in the hidden
layers (Figure 3.7). The performance of the network net is measured according to the
mean squared error as defined in (3.2).
Once a network is designed, the generalization consists of an evaluation which is
performed on a testing dataset from experiments not included in the training process.
3.6.4 Model complexity selection
The Intra-subject case consists of identifying a map using data from one subject.
Each map is a collection of sub-maps relating one lower limb joint coordinate to the
inputs. We consider data from 10 trials as training data and one trial as testing data.
We iterate over the number of monomials (respectively nodes) in the search of the
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best map using LS and KO (respectively RNN). The pseudo Algorithm 1 describes
the search process.
Algorithm 1 Sub-map design - Intra-subject
1: procedure Map(Datasubject) . Datasubject = trial(1 to 11)
2: for itertrial: 1 to 11 do
3: Dataval ← trial(itertrial)
4: Datatr ← Datasubject −Dataval
5: for itern: 1 to max(monomials/nodes) do
6: Create a model structure α(itern)
7: Train α(itern) on Datatr minimizing the cost function (3.2)
8: Evaluate the map on Dataval and record the following
performance measure:
perf(itertrial, itern)← RMS(error{Dataval})
9: end for
10: end for
11: Select α(itern) achieving:
min(mean(perf, 1)) . mean over trials
12: end procedure
The Inter-subject case consists of identifying a map using data from a population.
The training data are measurements from 8 subjects, each extracted from 11 trials,
while the testing data are from one “unseen” subject (i.e. not included in training
data). The pseudo Algorithm 2 describes the map search.
Algorithm 2 Sub-map design - Inter-subject
1: procedure Map(Datasubjects) . Datasubjects = trial(1 to 99)
2: for itersub: 1 to 9 do
3: Dataval ← Datasubject(itersub)
4: Datatr ← Datasubjects −Dataval
5: for itern: 1 to max(monomials/nodes) do
6: Create a model structure α(itern)
7: Train α(itern) on Datatr minimizing the cost function (3.2)
8: Evaluate the map on Dataval and record the following
performance measure:
perf(itersub, itern)←
∑11
i=1(RMS(error{trial}))
9: end for
10: end for
11: Select α(itern) achieving:
min(mean(perf, 1)) . mean over subjects
12: end procedure
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Table 3.3: RMS error in [deg] of the predicted trajectories in Figure 3.9. (m: mono-
mial. n: nodes)
Joint coordinate Method
LS KO RNN
ϕh 0.31 (5m) 0.26 (5m) 0.07 (5n)
ϕ˙h 3.85 (5m) 4.74 (5m) 1.32 (2n)
ϕk 1.50 (5m) 0.69 (4m) 0.65 (3n)
ϕ˙k 18.78 (5m) 13.97 (4m) 3.68 (4n)
3.6.5 Preliminary results
3.6.5.1 First assessment using one gait cycle
Figure 3.8: Schematic of
human walker and the
joint angles orientation.
To evaluate and test the methods described above, the
author started by examining the prediction of lower
limb joints trajectories from the motion of the contra-
lateral arm using a simple dataset. Kindly supplied by
Prof. Nikolaus Troje (Queen’s University, CANADA), the
dataset describes a perfectly loopable human walking gait
cycle. The data were extracted from the average walker
in terms of 3D coordinates of 15 virtual markers derived
from MOCAP data measurements, sampled at 60 frames
per second. Prof. Troje et al. derived these data from 40
subjects, half of which are men, walking at a comfortable
speed [173]. 38 retro-reflective markers were used to track
their motion. The subjects walked on a treadmill for 5
minutes before the investigators started recording data of
20 consecutive steps at 120 Hz using 9 cameras (Vicon;
Oxford Metrics, Oxford, United Kingdom).
Here we attempt to reconstruct hip and knee joint co-
ordinates {ϕh, ϕ˙h, ϕk, ϕ˙k}l from the contra-lateral shoulder and elbow angular posi-
tions and velocities [θs, θ˙s, θe, θ˙e]r as defined in Figure 3.8.
Note that given the amount of data available, the training data are made of 10
duplicates of the gait cycle, which is also used as validation data. We also used a
maximum of 5 monomials in LS and KO and a maximum of 5 nodes in RNN to avoid
system identification problems arising from the quality of the input-output data.
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Figure 3.9: Predicted trajectories of the hip and knee angular position and velocity
using LS, KO, and RNN.
Results shown in Figure 3.9 and table 3.3 reflect the existence of maps between
upper and lower limb joints. Same results show the success of the methods chosen
in predicting trajectories of the lower limb joints from the motion of the contra-
lateral arm. Table 3.3 suggest that, among the methods investigated, RNN is the
most likely to capture the temporal behaviour and hence more suitable method for
predicting lower limb joint trajectories from the motion of the contra-lateral arm.
These results were promising and helped the author pursue this line of research.
We used the minimum number of inputs possible to avoid “over-fitting” problems.
However, these issues may have not been mitigated completely given the nature of
the training and validation data.
To confirm the existence of these maps and further investigate the coordination
between upper and lower limbs in human locomotion and the generalization across
different subjects, we faced the need of richer and more realistic data. Therefore,
we conducted MOCAP experiments, where we recorded subjects performing a series
of locomotion tasks, in a controlled environment, following a specific experimental
protocol as we will discuss below.
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3.6.5.2 Impact of walking canes on human gait
We begin the analysis on data from our MOCAP experiments by examining the
impact of the bilateral use of walking canes on the prediction accuracy of the lower
limb joint trajectories, especially the gait transitioning. Here, we consider one subject
performing the stairs ascent task with and without using walking canes. The inputs
and outputs are defined as follows:
y ={ϕh, ϕ˙h, ϕk, ϕ˙k}l
u ={θs, θ˙s, θe, θ˙e}r
Although we have access to the cane angle in one of the experiments, this choice of
inputs is motivated by the desire of having the same number of inputs in both cases
(i.e. with and without canes).
Figure 3.10 shows the RMS values of the prediction error in both the hip and
the knee angular positions. The envelop represents the range of these values while
the curve shows the mean RMS cross-validation. It is evident that the canes have
an impact on the gait by affecting the behaviour of the shoulder and elbow joints
(i.e. the cane physically constrains the arm joints). In addition, they allow better
prediction of the lower limb trajectories. Therefore, we will consider data where the
subjects performed the locomotion task with a bilateral use of walking canes.
79
Figure 3.10: RMS values of the prediction error of the hip and knee angular position
using LS and RNN in locomotion with (right) and without (left) canes.
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3.7 Data analysis and results
In the following, overground walking refers to a locomotion task that describes walking
a constant speed, in a straight line, on a flat ground. Stairs ascent refers to the
locomotion task that comprises straight walking, stairs ascent, followed by an upright
resting posture.
3.7.1 Overground walking: prediction using the motion of a
cane
Following the preliminary results, we investigated the
same locomotion task, herein the over ground walking at
a constant speed. The data considered in this experiment
are from one subject.
In terms of implementation, we used a maximum
monomial order of 7 for LS and KO and a maximum num-
ber of 32 nodes for RNN.
Figure 3.11 shows the predicted trajectories using in-
puts from the cane only. It is clear that predicting periodic
motions (i.e. steady behaviour) is effective for all the methods. RMS values reported
in table 3.4 suggest that all the methods have similar performance when using data
from the cane. Therefore, both static and dynamic maps (i.e. LS as a method to
identify a static map, and KO and RNN to identify dynamic maps) can be used
to predict trajectories of the lower limb from the behaviour of upper limbs via the
motion of a cane.
Table 3.4: RMS error of the predicted trajectories in figures 3.11. [deg] for the angular
position and [deg/s] for the angular velocity.
Joint Method
coordinate LS KO RNN
Cane
ϕh 3.29 (12m) 2.16 (13m) 2.90 (7n)
ϕ˙h 11.50 (14m) 26.94 (13m) 9.80 (9n)
ϕk 5.80 (25m) 5.17 (14m) 3.81 (11n)
ϕ˙k 30.86 (22m) 75.78 (14m) 21.55 (5n)
ϕa 2.77 (28m) 2.35 (23m) 2.77 (16n)
ϕ˙a 40.59 (24m) 35.94 (28m) 37.52 (8n)
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Figure 3.11: Predicted trajectories of the lower limb joint from the motion of the
contra-lateral cane. Overground walking.
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Because of the existence of extensive research focusing on periodic motion (e.g.
overground walking) as discussed earlier, the author made the decision to suspend the
investigation of overground walking locomotion task. In the remaining of this study,
the mapping identification is carried on a more complex and interesting task achieved
with a bilateral use of walking canes. This task comprises the following actions:
• Overground walking
• Stairs ascent
• Upright resting state (“h” posture)
This task is challenging because when transitioning from level ground to stair ascent
in the unconstrained locomotion, there is a weak sign in the lower limbs kinetic and
kinematic characteristics that indicates a transition in the motor patterns [153]. We
hypothesise that the use of canes will likely supply the missing information and allow
a smooth detection of the transitions.
3.7.2 Stairs ascent: First evaluation of the methods in gait
transitioning prediction
Here we aim at identifying maps between lower limb joints and the motion of a
cane, and evaluate the ability of predicting gait transitioning. First, we will report
results from predicted trajectories using input information from the cane only (herein,
u = {θc, θ˙c}r). Then we will investigate other sources of information.
Similarly to subsection 3.7.1, we will use data from one subject to test the methods
with the new dataset.
Table 3.5: RMS error of the predicted trajectories in figures 3.12. [deg] for the angular
position and [deg/s] for the angular velocity.
Joint Method
coordinate LS KO RNN
Cane
ϕh 6.88 (28m) 8.30 (28m) 2.67 (32n)
ϕ˙h 31.96 (24m) 36.05 (28m) 25.90 (24n)
ϕk 15.44 (28m) 17.65 (28m) 8.29 (18n)
ϕ˙k 87.83 (25m) 84.04 (28m) 64.82 (16n)
ϕa 8.52 (28m) 9.54 (28m) 6.34 (31n)
ϕ˙a 63.04 (22m) 66.32 (28m) 60.46 (29n)
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Figure 3.12: Predicted trajectories of the lower limb joints from the motion of the
contra-lateral cane.
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The results compiled in Figure 3.12 show that a static map identified using LS is
unable to predict the gait transition between overground walking and stairs ascent.
This is clear in the angular position predictions in both the ϕh and ϕk when examining
the lower amplitudes at (0.8s, 2s, 3.4s, 4.9s, and 6.2s). Furthermore, it seems that
information from the cane only is not sufficient to allow the prediction of the lower
limb angular velocities. Same conclusion applies to the ankle joint (i.e. both angular
position and velocity).
The KO is able to predict the first transition but fails in detecting the second one
(i.e. transition between stairs ascent and resting posture) as we can still see oscilla-
tions towards the end of the locomotion task, especially in ϕh and ϕk. Furthermore,
Neither of LS nor KO were able to predict good trajectories for the ankle angle.
RNN seems to out-perform the other methods in terms of prediction error as can
be seen in table 3.5. The identified maps are able to capture the gait transitioning as
well as the steady behaviour present at the beginning and the end of the locomotion
task.
Overall, the predicted angular velocities are not of equal quality as the angular
positions. Therefore, we will focus on the latter.
KO appears to be able to predict good trajectories for the lower limb joints when
using data from the motion of the cane only in overground walking. However, we
chose to suspend the examination of this method in future investigations because
better results were achieved using RNN which, similarly to LR and KO, identifies
non linear dynamic maps.
We will limit our investigations to both LS (static maps) and RNN (dynamic
maps) for the remaining of this study. These two methods do not breach the aim
of comparing the performance of static and dynamic maps in their ability to predict
lower limb joints trajectories.
3.7.3 Stairs ascent: prediction of the lower limb joints using
the motion of a cane
After limiting to the study to two methods, we now investigate the case studies
described earlier: Inter-subjects and Intra-subject map identification. We proceed
by making adjustments to the methods before we perform a thorough gait analysis.
In addition, the ankle joint prediction was found not to be of equal quality as the
other joints of the lower limb when using data from the cane only. This difficulty in
predicting the most distal joint is likely due to fact that human motor control of the
leg has a proximal distal gradient [180]. Nevertheless, if we keep in mind the fact
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that most of the exoskeletons for rehabilitation use passive ankle joints, and the fact
that there is intensive research focusing on the control of powered ankle prosthesis
with significant results for uneven terrain and stairs ascent/descent [58,159], one can
focus on improving the prediction of the other joints (hip and knee).
3.7.3.1 Method adjustment
To justify the future decision of using up to power 7 and 10 nodes in the remaining
experiments for the intra-subject map identification, we use monomials of a maximum
power of 10 for LS and 60 as a maximum number of nodes for RNN to predict the
lower limb joints for one subject. Figure 3.13 shows the average RMS values over
cross-validation for one subject of the prediction error as a function of the number
of monomials/nodes. The curve for LS method is locally convex (x ∈ [1 36]) with a
global minimum achieved using 34 monomials. We can clearly see that the quality of
the prediction deteriorates after a certain number of monomials (herein 34). This is
due to “over fitting” problems. Therefore, we choose a maximum monomial degree of
7 in the remaining of the study. Meanwhile when using RNN, it is hard to distinguish
a clear convex shaped curve. This is likely due to the complexity of the networks and
the randomness in the weights’ initialization. Considering the hip curve, we choose
10 as a maximum number of nodes in the neural network structure.
Figure 3.13: Image showing the prediction error for one subject for both LS (left)
and RNN (right). Top shows the intra-subject results while the inter-subject results
are shown at the bottom of the figure. Note that we took the average of 11 validation
experiments.
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Concerning the inter-subject maps identification, the predicted trajectories were
found to be worst compared to results obtained using maps from the intra-subject
results (Figure 3.13). Therefore, following a similar reasoning as before, we chose a
maximum power of 7 for LS, where as the maximum number of nodes allowed for
RNN is 15 for the hip and 7 for the knee joint.
3.7.3.2 Intra–subject mapping identification
For each subject, we iterate over the number of trials in the training and validation
data selection. In each iteration, we consider 10 trials as testing data and one trial
as validation data. This cross validation resulted in the identification of 1 map per
subject.
In what follows, we consider a locomotion task which comprises walking at a
comfortable speed followed by stairs ascent, to end with a stand still resting posture.
Figure 3.14 shows the best and average predictions for the lower limb joints for
both methods. We can clearly see that the canes alone are able to provide sufficient
information to allow the prediction of good trajectories for the lower limb joints in
terms of angular position. RNN is able to capture the transition between flat walking
and stairs ascent. Hence, it can predict accurately the angular trajectories for the
lower limb in contrast with LS, which fails in doing so as can be explained by the
difference in peak amplitude between the measured and the predicted signals in stairs
ascent phases as clearly seen for the hip joint.
3.7.3.3 Inter–subjects mapping identification
The objective here is to identify a mapping, trained on data from a given population,
capable of predicting good trajectories for a subject, without the prior knowledge of
its locomotion characteristics (i.e. not included in the training population). Here,
the training dataset is substantially bigger as it is made of data from 88 trials. This
process resulted in the identification of one map achieving minimum output error
cross validation.
The identified mapping using LS in this case fails in predicting accurate trajecto-
ries for the lower limb. It is clear from the Figure 3.15, which shows best and typical
trajectories prediction, that LS do not capture any of the transitions in the loco-
motion task. On the other hand, RNN predicts the transition between over ground
walking and stairs ascent for the hip joint with a small undershoot at the lower peak
amplitude, but struggles with the other transition (i.e. stairs to stand still).
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The box-plots shown in Figure 3.18 reflect the tendencies observed in joint trajec-
tories prediction. For both methods, we identified the best structure of the mapping
for each joint coordinate and performed a cross validation:
• Intra subject : one trial out of 11 for each subject
• Inter subjects : 11 trials for each “one subject out of 9”
Results of which are compiled and used to generate the box-plots.
3.7.4 Stairs ascent: prediction improvement with additional
measurements (arm and cane)
Here we will examine the improvement of predicted tra-
jectories using additional measurements from the upper
limb (herein, the shoulder, elbow, and wrist joints).
One way of improving the prediction error is to include
additional sources of information. Here we use data from
the arm and the cane to predict the lower limb joint angles.
In this case the input vector is defined as follows:
u = {θc, θ˙c, θw, θ˙w, θe, θ˙e, θs, θ˙s}r
3.7.4.1 Intra–subject mapping identification
We followed the same process of identifying the maps as before. Only this time u is
different.
Figure 3.16 shows the predicted trajectories. Compared to results obtained us-
ing information supplied by the cane only, the prediction accuracy has substantially
improved. This suggests that the more information you supply the better the predic-
tions are. Moreover, the information supplied by the arm appears to be constructive.
Notice that LS is able to capture the transitions in the gait. However, this method
requires additional sensing compared to the cane only case.
3.7.4.2 Inter–subjects mapping identification
In a similar fashion, the predicted trajectories for inter-subject experiment provide
a better fit as can be seen in Figure 3.17. From the box-plot shown in Figure
3.18, it appears that both methods have equivalent prediction accuracy in terms
of RMS(error). Similarly to intra-subject experiment, RNN is able to better predict
the transitions in the hip joint than LS.
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Figure 3.14: Intra-subject joints prediction using measurements from a single cane.
Right: Using LS. Left: using RNN. Best (a) and typical (b) prediction results.
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Figure 3.15: Inter-subjects joints prediction using measurements from a single cane.
Right: Using LS. Left: using RNN. Best (a) and typical (b) prediction results.
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Figure 3.16: Intra-subject joints prediction using measurements from the arm and
cane. Right: Using LS. Left: using RNN. Best (a) and typical (b) prediction results.
91
Figure 3.17: Inter-subjects joints prediction using measurements from the arm and
cane. Right: Using LS. Left: using RNN. Best (a) and typical (b) prediction results.
92
Figure 3.18: RMS values for intra and inter-subjects joints prediction using measure-
ments from the contra-lateral arm and cane. Gray: Using LS. White: using RNN.
The red line shows the median and the top and bottom edges of the blue box shows
respectively the 25th and the 75th percentiles. The whiskers extend to the maximum
and minimum values that are not considered outliers. The “+” indicates the outliers.
The average ranges are 64.74◦ for the hip joint, and 90.20◦ for the knee joint.
3.7.5 Stairs ascent: prediction of the knee and ankle joints
from the ipsi-lateral hip
Some of the active prosthetics have an active ankle joint, which provides more adapt-
ability to the terrain as well as comfort to the user. Here we investigate the feasibility
of predicting knee and ankle joint coordinates from the hip angular position and ve-
locity. Assuming the patient has a healthy hip motion, maps identified in this case
could be used in the control design of active prosthetics (e.g. [146]).
Here, the input vector is defined as follows:
u = {ϕh, ϕ˙h}l
3.7.5.1 Intra–subject mapping identification
LS is able to capture both gait transitions. Although the case scenario is different,
the predicted trajectories are significantly better than those using the cane alone or
even the combination cane-arm. The behaviour of the hip joint is able to predict
knee and ankle angular position trajectories. Similar to previous results, RNN leads
to better predicted trajectories as can be seen in the box-plot Figure 3.21.
We obtain an equivalent performance for LS and RNN in the prediction of the
ankle angle. However, the predicted trajectories are likely to be unsafe for an eventual
implementation in AFPs or KAFPs devices (i.e. large prediction error compared to
the motion range of the ankle joint). Such prediction error can result in unwanted
behaviour of the powered device, which in turn could potentially harm the user.
93
Figure 3.19: Intra-subject joints prediction using measurements from the hip. Right:
Using LS. Left: using RNN. Best (a) and typical (b) prediction results.
Figure 3.20: Inter-subjects joints prediction using measurements from the hip. Right:
Using LS. Left: using RNN. Best (a) and typical (b) prediction results.
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3.7.5.2 Inter–subjects mapping identification
Results shown in Figure 3.20 suggest that the hip angle is more correlated – than
the cane – with the knee and ankle joints. Indeed, the error between the predicted
trajectories and the measured ones is slightly lower when using the hip as an input
compared to the cane. This is more prominent for the knee joint as can be seen
in the box-plot 3.21. Both methods are able to capture the transitioning gaits (i.e.
overground walking to stairs ascent and stairs ascent to upright resting position).
RNN performs slightly better than LS in terms of knee angular position prediction
and equivalent prediction quality if observed in the ankle joint. Again, these two
methods still struggle in predicting good trajectories for the ankle angle.
These results confirm the feasibility of using the hip joint to predict the remaining
leg’s joints. Both methods prove to be able to capture gait transitioning as well as
steady behaviour. By analogy to the VC concept, the hip joint can be thought of as
a phase variable.
3.7.6 Stairs ascent: prediction of the lower limb joints using
both hips
Here we examine the use of both hips angular position and velocity to predict knee
and ankle joint coordinates of the left leg. Similar to previous section, the motivation
behind this choice of inputs is the eventual use of the identified maps in the control
design of prosthetics for amputees where the sensing is restricted to the lower limbs,
hence limiting the intrusion on the wearer.
In the following experiment, the input vector is defined as follows:
u = {{ϕh, ϕ˙h}r, {ϕh, ϕ˙h}l}
3.7.6.1 Intra/Inter–subjects mapping identification
In this experiment, results show minimal to no improvement in terms of output error
with the additional information provided by the contra-lateral hip. In fact, we observe
a slight degradation of the best fit in RNN results which likely due to the randomness
in weights initialization. Similarly to the use of the ipsi-lateral hip, both methods
– including LS – are able to capture both transitions in the locomotion task. The
knee angle knows the highest improvement using this method in both inter and intra-
subject case studies as can be seen in Figure 3.21. Surprisingly, LS performs slightly
better than RNN in intra-subject case in both knee and ankle predictions.
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In the Inter-subject case, we obtained good predicted trajectories for the knee
joint. Unfortunately we have not met a good prediction quality for the ankle angle.
The struggle in predicting good angular position trajectories for the ankle joint
could be explained by the foot placement on the stairs steps. From observations,
young subjects (< 25yo) tend to put half of their feet on the steps, leaving the heel
suspended. The edge of a step sits at the level of the metatarsal bones, causing a little
“bounce” between the foot strike and the push-off. This can also affect the global
motion of the limb while clearing the step. Therefore, other sources of information
should be investigated for the ankle predictions.
These results suggest that information about gait transitioning is redundant in
both hip joints.
Figure 3.21: RMS values for intra and inter-subjects joints prediction using measure-
ments from the hip joints. Gray: Using LS. White: using RNN. The red line shows
the median and the top and bottom edges of the blue box shows respectively the 25th
and the 75th percentiles. The whiskers extend to the maximum and minimum values
that are not considered outliers. The “+” indicates the outliers. The average ranges
are 90.20◦ for the knee joint and 41.96◦ for the ankle joint.
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Figure 3.22: Intra-subject joints prediction using measurements from both hips.
Right: Using LS. Left: using RNN. Best (a) and typical (b) prediction results.
Figure 3.23: Inter-subjects joints prediction using measurements from both hips.
Right: Using LS. Left: using RNN. Best (a) and typical (b) prediction results.
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3.7.7 Additional results: Predicting the velocities
In the interest of evaluating the performance of these methods in predicting joint ve-
locities in the case scenarios discussed earlier, we succeeded in accurately predicting
the knee velocity from the motion of the ipsi-lateral hip as can be seen in a predic-
tion example Figure 3.24. Unfortunately we are still unable to predict good angular
velocities for the ankle joint as can be seen in the box-plot 3.25.
This implies the existence of a high correlation between hip and knee joints in
human gait. In addition, if we limit the analysis to the knee joint angular veloc-
ity, taking inputs from both hips appears to be the best choice among the different
combinations explored in this study.
Figure 3.24: ϕ˙k prediction using measurements from the hip. Right: Using LS. Left:
using RNN. (a) intra-subject and (b) inter-subject.
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Figure 3.25: RMS values for intra and inter-subjects joints prediction. Gray: Using
LS. White: using RNN. The red line shows the median and the top and bottom edges
of the blue box shows respectively the 25th and the 75th percentiles. The whiskers
extend to the maximum and minimum values that are not considered outliers. The
“+” indicates the outliers. The average ranges are 685.76 deg/s for ϕ˙k and 485.49
deg/s for ϕ˙a.
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3.8 Discussion
The main scope of this study was to identify a set of maps able to predict trajectories
for the lower limb joints from the motion of other joints and a cane in non-periodic
motions (i.e. locomotion tasks that include transitions). Looking at the box-plots
and the predicted trajectories, it is clear that one should opt for a dynamic map to
predict the hip and knee angular positions instead of static maps. When achieving
equivalent performance, some of the results using LS require additional sensing to
capture transitioning gaits while RNN was able to capture these transitions using
information provided by the cane alone. This also suggests that better results could
be achieved with a larger number of nodes at the expense of robustness as seen in
Figure 3.13.
Using data from the arm joints appears to enhance significantly the predicted
trajectories for both the hip and the knee joints. This confirms the fact that system
identification and modelling is highly sensitive to the richness of the input/output
data. Including more data (additional subjects and inputs) in the training process is
likely to enhance the parameter estimation process. The challenge remains in finding
the right balance between complexity and performance.
When we consider the case of a gait pattern generator for active prosthetics and
assuming the patient has full motion capacity of the hip joint, coordinates of the latter
prove to be a good choice of inputs to predict trajectories for knee joint. The ipsi-
lateral hip is sufficient to complete this task while a slight improvement is observed
when adding the contra-lateral hip. This confirms the strong coordination between
hip and knee joint in human gait.
We also tried to predict the angular velocities of the lower limb joints. Occa-
sionally, we obtain very low output error for the knee angular velocity (e.g. RNN,
knee and ankle from hip). However, the current overall prediction quality may not be
adequate for a hardware implementation. The prediction error is still large compared
to the motion range of the joints’ motion. More effort should be put towards the
improvement of the predicted trajectories to minimize fall or obstacle collision risks
(e.g. ground scuffing because of foot clearance).
The intra-subject maps supplied better predictions than those identified in the
inter-subjects experiments. The first case maps could be used in post-surgery reha-
bilitation (e.g. post brain surgery [33, 108]). The therapists can record the motion
of the patient pre-surgery, and use it to identify a map. In addition, people at risk
of stroke could have their gait modelled by identifying such maps, which could help
100
them recover their natural motion. For the second case, the identified maps could be
used in patient population with long term walking disability (e.g. born handicapped).
For example, selecting subjects with the same corpulence as the patient is likely to
result in a better trajectory prediction.
Among the lower limb joint investigated in this study, the hip angle was the
easiest to predict while predicting trajectories for the ankle joint resulted in the
worst performance for both LS and RNN. Other sources of information should be
investigated in the examination of the ankle joint.
The quality of the predicted trajectories could be improved by including additional
information. The torso joint angle can help in that sense, as this joint is influenced
by the walking speed and the slope of the terrain. Indeed, pelvic and trunk motions
are considered as fundamental factors for bipedal locomotion [156]. In addition to
the torso angle, the ankle angle of the opposite leg could also be used to estimate the
slope of the terrain (if the slope is constant for both legs).
There are many other sources of information and combinations of inputs that
could be investigated to predict, or herein, enhance the predicted lower limb joint
trajectories. For example, one could also consider inputs from the contra-lateral leg,
or a combination of inputs from both the upper and lower limbs. Cartesian position,
velocity, and acceleration of the cane could also be used as inputs to control the lower
limb exoskeleton for rehabilitation. These coordinates can help estimate the step
length, foot clearance, and the height of potential obstacles.
Although we tried to follow the same protocol in our MOCAP experiments, the
reflectors placement was not identical across subjects. This results in discrepancies in
the estimation of the joint coordinates which can be representative of normal real-life
experimental conditions, which adds to the complexity of the study.
Some methods performed better than others. The output errors of the predicted
angular position of the lower limb joints are significantly lower than those of the an-
gular velocities. Furthermore, it is worth mentioning that occasionally, the velocities
derived from the predicted angular position fit the recorded data better than the
predicted velocities. One can then limit the prediction to the angular positions and
then reconstruct the velocities by differentiating these trajectories to obtain a more
accurate estimate of the velocities. This is likely due to the remaining noise in the
data recordings used as training and validation datasets and the discrepancies in the
estimation of the joint coordinates from Cartesian position of the reflectors as these
differences are amplified when taking the gradient of the signals. Effort should be
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put in improving the estimation of the velocities which are commonly used in gait
pattern generators.
The results reported in this study are promising and serve as a proof of concept
of the feasibility of designing a gait pattern generator based on maps between an
impaired joint and other healthy limbs. Because of the amount of data at our disposal,
we chose to segment the data in training and validation, and use a cross-validation to
provide quantitative results about the model complexity of the maps. Best practice
would be to consider training, validation, and testing sets in the model assessment and
selection. To confirm our findings, future study should include a larger population in
the design phase (i.e. training and validation datasets for the model selection, and
testing dataset for the model assessment). We succeeded in identifying maps between
the upper and lower limbs in human locomotion, which can hold during transitioning
in the human gait. These maps take inputs from healthy joints, and generates the
desired trajectories for the impaired leg. This could open the path of a novel design
of gait pattern generators for lower limb rehabilitation devices.
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“It is important that we know where we come
from, because if you do not know where you come
from, then you don’t know where you are, and if
you don’t know where you are, you don’t know
where you’re going. And if you don’t know where
you’re going, you’re probably going wrong.”
Terry Pratchett
4
Conclusion
Conclusion is perhaps the wrong term to employ here. There are still numerous chal-
lenges yet to be tackled and addressed by the research community in the field of lower
limb gait rehabilitation. The current state of the art of the wearable rehabilitation
devices shows that the technology is not mature yet, as there is – and has been – a
continuous advancement and extensive research effort to bring rehabilitation devices
a step further towards mass production and deployment.
In this work, we attempted to address numerous challenges such as (1) the mo-
tion intent detection, (2) the intent control of the wearable device, (3) the real-time
gait pattern generation in locomotion tasks with transition phases (e.g. overground
walking to stairs ascent), and (4) its generalization across multiple subjects (i.e. “one
control to fit all”). In this chapter, we summarize the achievements and the contri-
butions made towards this field of research.
4.1 Outcome of this study
With the aim of developing a novel control strategy for lower limb powered rehabili-
tation devices, we found the need of performing a human gait analysis to investigate
the coordination between upper and lower limbs in the human gait. We began by
studying the simple compass gait walker, which brought us insight into the virtual
constraint concept, which is a re-parametrisation of time as it uses a phase variable
constructed from the state to define the desired trajectories for the actuated joints.
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This method of controlling a bipedal robot is a way of synchronizing the degrees
of freedom with each other. The virtual constraint in this particular case is a map
between the ankle joint and the hip joint. We designed, built, and validated an af-
fordable platform for dynamic walking research based on the image of the compass
gait model. We also made “open-source” the media files and CAD design drawings,
inviting scientists to build a similar platform and advance dynamic walking field of
research. The decision of studying the compass gait proved successful as it helped us
direct the research towards designing maps between upper limbs joints and those of
the lower limbs (inspired by the VC concept).
We conducted MOCAP experiments to record the motion of healthy subjects
performing a number of specific locomotion tasks. We recorded both of the upper
and the lower limbs motion, with and without a bilateral use of walking canes. The
generated MOCAP data were lightly processed and made available in a repository
for the research community to investigate different aspects of the human gait. In this
study, we succeeded in identifying several maps, which resulted in the prediction of
the lower limb joint angular position and velocity. This was achieved through the
investigation and use of several methods, which are employed in system modelling
and feature extraction. Among the methods tested we can cite RNN, which proved
to be the most robust and most accurate in terms of prediction error. This method is
used to identify a dynamic map which was able to predict transitioning in the human
gait as opposed to statics maps identified using LS. Furthermore, using data from the
arm joints in addition to the cane angle improved significantly the prediction error.
We also examined the feasibility of designing a novel gait pattern generator for AFPs
and KAFPs based on maps between knee and ankle, and the motion of the hip joints.
The results obtained are promising and suggest the feasibility of the design of a novel
gait pattern generator based on the identified maps, especially those modelled using
recurrent neural networks.
Briefly, in a control point of view, the user’s motion intent is detected and trans-
lated at the same time into trajectories for the lower limb. If implemented in hard-
ware, this will likely cut the computation time as well as reduce the storage require-
ment as there will be no need to store pre-recorded trajectories. Furthermore, this
control method will likely provide more intent control to the user over the device,
acting directly on the motion of the latter through the motion of the arms.
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4.2 Future directions
Gait analysis, lower limb rehabilitation, and humanoid bipedal locomotion are amaz-
ingly deep research fields; meaning that there is still enormous amount of work to be
accomplished.
The results obtained in this study serve as a proof of concept; it is possible to
predict gait transitioning for an affected limb based on information from sound limbs.
However, prior to a clinical trial, a deeper analysis involving a larger population is
required to confirm our findings. Dynamic maps are in my opinion good candidates
for an engineering implementation. Compared to static maps, they are able to capture
gait transitioning more accurately. One can use RNN to identify such maps. However,
an analysis based on the Koopman operator is more adequate to learn more about
the inherent dynamics of human walking. Furthermore, stability issues related to this
method can be addressed using method that guarantee stability in the search of maps
such as Lagrangian relaxation [172,176].
It is likely that a motion prediction for lower limb rehabilitative devices based on
the identified maps would benefit the wearer because of the direct involvement in the
control loop. This will give the user more intent control over the device as opposed to
pre-recorded trajectories which are widely used in the current exoskeletons for lower
limb rehabilitation and walking recovery.
The work presented in this dissertation shows promising results and serves as a
proof of concept. Immediate future work should focus on the testing and validation
of our novel control strategy. This could be in the form of a clinical trial using a
lower limb rehabilitation device. Another interesting aspect of this study, would be
to investigate locomotion tasks involving stairs descent. It was unanimous among the
volunteers who took part of the MOCAP experiments that walking down stairs with
canes was complicated and required a higher focus to maintain the “left arm - right
leg” coordination. Some of the subjects reported feeling unsafe during the first trials.
Another possible line of research could the investigation of data fusion supplied
by different types of sensors. There is intensive research focusing on the environment
sensing. In [210], RGB cameras were mounted on the exoskeleton to provide visual
feedback to the control. The evaluation of the dimensions of stairs steps helps selecting
the right motion for the lower limb to provide the right amount of clearance.
A step forward in line with the investigations presented in this manuscript could be
the examination of human locomotion in lateral and transversal planes. To describe
locomotion in a dynamic 3D environment, a more sophisticated mapping will be
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required, covering the multiple situations that a person encounters in a daily life.
To help identifying such map, one needs to consider recording subjects performing
a larger variety of tasks in different environments. For example, a subject equipped
with a wearable motion capture system (IMU based) that records the motion during
a day can provide valuable data representing a typical navigation in a non-controlled
environment (e.g. shopping center). Such environment could include not only stairs,
but also obstacles (e.g. pedestrians), slopes, and even different ground textures (e.g.
hard, soft, and slippery floor).
None of us knows what the future holds in terms of advancement in lower limb
rehabilitation and walking recovery. But, what we do know is that it will be as
exciting and challenging as the past few years have been.
4.3 Lower limb rehabilitation: Speculative thoughts
The opinions and comments expressed in this section are those of the author. They
do not reflect the position of the rest of the Australian Centre for Field Robotics staff
members or any other person involved in the study presented in this manuscript.
Therefore, you may not agree with the author.
The research community is investing a huge amount of resources in lower limb
rehabilitation and walking recovery. On one hand, there is a growing interest in
trying to recreate and fix nerve connections after spinal cord injuries, re-establishing
a continuous path between brain and muscles [208]. Researchers at the University
of Louisville were able to restore (partially) walking abilities to spinal cord injured
patients severely paralysed using epidural stimulation. Findings and results were
reported in [29] and raise the prospect of new treatments for spinal cord injuries,
which ultimately will help paraplegic subjects recover their locomotor skills. However,
there are other pathologies that impede the use of such method in rehabilitation
(e.g. muscular dystrophy, amputation). In such case, researchers are focusing on
the investigation of the neural system sensing, which can help predict the intended
motion of a patient. What we could see in the future is a device able to read the
brain electrical activity and predict accurately either muscle synergies or complete
actions. This prediction is then transmitted to the exoskeleton device, which in turn
executes the task.
Exoskeletons for rehabilitation help the wearer recover the lost mobility. However,
the burden around the manipulation of such device can refrain some patients from
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adopting this technology instead of a simpler device such as a wheelchair. In such
case, limb replacement could be a solution.
Given the progress of biotechnologies in organ implants (bone, cartilage, and soft
tissue), replacing the internal organs of a lower limb with a powered device is likely
to happen in the next ten/twenty years. Although very common in science fiction
media, to our surprise, we were unable to find an article or a patent in the literature
describing what we call endoskeleton for rehabilitation or limb replacement. To the
best of our knowledge, no endoskeleton design has been reported yet, most likely
because of ethics approval, safety and technical issues (e.g. charging the device).
Here, we propose two case studies: (1) the patient has no muscle mass in its
affected limb (e.g. muscle atrophy). Here, the use of electrical stimulation to activate
muscles is not possible. Therefore, actuation must be supplied using a powered device.
(2) lower limb amputation.
To address the first case, we propose the design shown in Figure 4.1.(a) which
includes actuators controlling the limb joints. The whole device is hosted underneath
the skin where it replaces the space taken by the muscles and the bones. The device
is shaped in such a way that keeps the natural morphology of the lower limb. For
example, the battery powering the device could be placed in what previously was the
calf’s location.
Figure 4.1.(b) shows a design where a device is fixed to the tibia of a leg (from a
donor) and connected to electrodes which in turn are attached to different muscles.
The leg is then transplanted in the receiver’s body. This device could receive instruc-
tion from an implant in the brain that translates the nervous activity into motion
tasks.
Although there are many technical challenges that we must consider when design-
ing a devices in the image of an endoskeleton such as:
• Charging the device (e.g. wireless charging, or a connector through the skin)
• Body/organ rejection of the device and skin health (e.g. skin infection or sub-
dermal lesions)
• Necessity of invasive intervention in case of malfunction or maintenance
• Safety in case of critical dysfunction (e.g. exploding batteries)
• Weight of the device
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Figure 4.1: Sketch of lower limb Endoskeleton designs using (a) electro-mechanical
actuation and (b) electrical stimulation of the muscles.
I believe that it is high time to start considering and even experimenting ideas in line
with this concept. It is likely that in the next decade, we would be able to replace
malfunctioning limbs or muscles without affecting the appearance of the human body.
Hence, saving more of our “humanity”.
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Appendix A
Non-symmetric compass gait model
The equation (2.1) defines the model of the walker during the continuous phase.
Here, the matrices M(q), C(q, q˙), G(q), and B(q) are defined using the parameters of
the walker. When considering a non-symmetric walker, the matrices are defined as
follows:
M(q) =
[
M11M12
M21M22
]
;C(q, q˙) =
[
C11C12
C21C22
]
;G(q) =
[
G1
G2
]
(1)
M11 = mswl
2
csw + Icst
M12 = −M11 +mswllcsw cos(q1)
M21 = M12
M22 = −M11 − 2M12 + Icsw + l2(mH +mst +msw)
+mstlcst
2 − 2llcstmst
C11 = 0
C12 = −llcswmswq˙2 sin(q1)
C21 = −llcswmsw sin(q1) (q˙1 − q˙2)
C22 = llcswmswq˙1 sin(q1)
G1 = glcswmsw sin(q1 − q2)
G2 = −G1 − g((mswl + lmHg) sin(q2) +mst sin(q2)(l − lcst))
Where the subscript “sw” (respectively “st”) stands for swing leg (respectively
stance leg).
On a flat ground, the impact detection can be made geometrically. An impact
will occur when the absolute value of the hip angle will be equal to two times the
absolute value of the stance angle. Assuming an instantaneous and rigid impact of
the swing leg with ground and in the absence of rebound and slip [91], the impact
model is defined as follows:
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∆q =
[−1 0
−1 1
]
∆q˙(q
−) =∆q[H+(q−)]−1H−(q−)
(2)
H+1,1(q
−) = p1 + p3
H+2,1(q
−) = H+1,2(q
−) = p2 cos(q−1 )− p1 − p3
H+1,1(q
−) = −2p2 cos(q−1 ) + p3 + 2p1
H−1,1(q
−) = −H−2,1(q−) = p1 − p2
H−1,2(q
−) = p3 cos(q1)− p1 + p2
H−2,2(q
−) = p3 cos(q1)
p1 = msw l
2
csw + Icst
p2 = lmswlcsw
p3 = mH l
2 + 2mstl(l − lcst)
By setting mH = mHg and the parameters of the inner leg equal to those of the
outer leg, we obtain the mathematical model of the “usual” compass-gait.
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5. I understand that I can withdraw from the study at any time, without affecting my 
relationship with the researcher(s) or the University of Sydney now or in the future. 
 
 
6. I understand that I can stop the testing at any time if I do not wish to continue, and 
the three-dimensional motion recordings will be erased and the information provided 
will not be included in the study. 
 
 
  
Biomechanics of human gait with and without canes as walking aids Page 2 of 2 
Version 2 – 15/08/2016 
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